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1. Introduction

Laser powder bed fusion (PBF-LB) is a widely adoptedmetal addi-
tive manufacturing (AM) technology capable of manufacturing
high-value parts with complex internal and external geometry.
The process selectively melts thin layers of metal powder using

a laser, enabling precise control of part
geometry.[1] PBF-LB is extensively used in
the aerospace,[2–5] medical device,[6–9] and
automotive industries,[10,11] where conven-
tional manufacturing processes often limit
design complexity. Despite its advantages,
PBF-LB typically produces parts with coarse
as-built surfaces that exhibit characteristic
surface features such as the staircase effect,
partially fused powder particles, and poros-
ity.[12,13] These features originate from the
layer-by-layer fabrication process and steep
thermal gradients near the melt pool.
Surface roughness significantly influences
the mechanical properties of PBF-LB
parts, particularly fatigue strength, as
(sub)surface defects can serve as crack ini-
tiation sites.[14–17]

Although recent improvements in the
quality of metal powders,[18,19] laser con-
trol, and scan strategies[20] have reduced
porosity and as-built surface roughness,
post-processing remains necessary to
meet functional and dimensional specifica-
tions prior to placing parts into service.
Moreover, internal geometries often

remain inaccessible to post-processing, potentially creating
critical stress concentrations or failure sites. Hence, several
post-processing techniques have been used to modify the as-built
surface roughness. Machining and superfinishing remove mate-
rial,[21,22] whereas hot isostatic pressing[23–25] and annealing[26]

use pressure and temperature to decrease porosity and surface
roughness. Additionally, chemical treatment[27] removes partially
fused powder particles, and other methods, such as shot peening,
utilize mechanical impact to reduce as-built surface rough-
ness.[28,29] However, these processes are time-intensive and
costly, limiting the economic viability of PBF-LB for serial
production.

Eliminating post-processing by directly controlling or tailoring
surface roughness during fabrication would significantly reduce
cost and increase throughput, transforming PBF-LB into a viable
production technology. This approach requires quantifying the
complex, nonlinear relationships between PBF-LB process
parameters and as-built surface roughness. However, conven-
tional approaches based on trial-and-error or multivariate
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Laser powder bed fusion (PBF-LB) is an additive manufacturing (AM) technology
for producing complex geometry parts. However, the high cost of post-
processing coarse as-built surfaces drives the need to control surface roughness
during fabrication. Prior studies have evaluated the relationship between process
parameters and as-built surface roughness, but they rely on forward models
using trial-and-error, regression, and data-driven methods based only on areal
surface roughness parameters that neglect spatial surface characteristics. In
contrast, this study introduces, for the first time, an inverse data-centric
framework that leverages machine learning algorithms and an experimental
dataset of Inconel 718 as-built surfaces to predict the PBF-LB process parameters
required to achieve a desired as-built roughness. This inverse model shows a
prediction accuracy of �80%, compared to 90% for the corresponding forward
model. Additionally, it incorporates deterministic surface roughness parameters,
which capture both height and spatial information, and significantly improves
prediction accuracy compared to only using areal parameters. The inverse model
provides a digital tool to process engineers that enables control of surface
roughness by tailoring process parameters. Hence, it establishes a foundation for
integrating surface roughness control into the digital thread of AM, thereby
reducing the need for post-processing and improving process efficiency.
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regression are limited in their ability to capture these interactions
across the entire process envelope.[30–33]

Previous studies characterize the as-built surface roughness of
parts fabricated with PBF-LB with both profile (e.g., Ra, Rv, Rku,
Rp, Rsk) and areal surface roughness parameters (e.g., Sa, Sv,
Sp, Sku, Ssk), which are standardized in ISO 21920[34] and ISO
25178[35] (also see a brief summary in Section 2.3). Yet, these met-
rics solely rely on surface height data and do not incorporate spatial
information that is critical for distinguishing surface features
such as pores or partially fused particle agglomerations.[12,33]

Recent work has introduced deterministic surface roughness
parameters, including the standard deviation of asperity heights
σs, mean asperity radius Rs, and asperity density ηs,

[36,37] which bet-
ter correlate with PBF-LB process parameters and provide a more
robust characterization of as-built PBF-LB surface roughness.[12]

To overcome modeling limitations and gain a detailed under-
standing of the process-surface relationship, researchers have
adopted data-centric models based on machine learning (ML) algo-
rithms to predict as-built surface roughness from PBF-LB process
parameters.[38–42] These forwardmodels, typically based on artificial
neural networks (ANNs),[39,43–47] random forests (RF),[46] support
vector regression (SVR),[40,46] and extreme gradient boosting
(XGBoost),[48] achieve a prediction accuracy in excess of 90%.
This is particularly true when incorporating process parameters
such as scan strategy and raster pattern,[43–45] or deterministic sur-
face roughness parameters,[12,38] alongside more conventional
inputs such as laser power and laser scan speed. Nevertheless, these
models often rely on sparse or synthetic datasets, do not consider
important parameters like build orientation,[47] which is known to
have a strong effect on surface roughness,[12] and primarily predict
average surface roughness Sa, offering limited insight into local
surface roughness results.[48]

Volumetric energy density (VED), in addition to laser power, is
also commonly used to characterize the PBF-LB process.
However, VED does not correlate strongly with the as-built sur-
face roughness parameters because similar surface roughness
arises from different VED values.[49] More advancedmetrics such
as dimensionless heat input[50] or hybrid datasets blending
experimental and synthetic data[51,52] have improved model
generalization, and optimization frameworks (e.g., Kriging[53])
have emerged to improve prediction accuracy. Alternatively,
supplementing experiments with synthetic surface roughness
data increases the available dataset to improve the prediction
accuracy of data-centric models.

Despite this progress, three critical knowledge gaps remain
unaddressed. First, areal surface roughness parameters insuffi-
ciently capture local surface features and show weak correlation
with PBF-LB process parameters because they do not consider
spatial in addition to height information. Second, existing
models often focus on narrow subsets of the process envelope
due to the cost of experiments or application-specific constraints.
Third, existing publications document forward data-centric
models, predicting as-built surface roughness (output) from
PBF-LB process parameters (input). However, inverse models,
which predict PBF-LB process parameters (output) required to
achieve a specific as-built surface roughness (input), have not yet
been presented. Yet, inverse models are essential to enabling intel-
ligent process control, whereby users can specify a desired surface

roughness and obtain the required PBF-LB process parameters to
realize it in situ, without additional post-processing.

Thus, this work introduces the first framework for inverse
data-centric modeling of PBF-LB as-built surface roughness,
using experimentally acquired surface data for Inconel 718
(IN718) across the full process envelope. We derive both forward
and inverse data-centric models that incorporate areal, determin-
istic, and hybrid surface roughness parameters to evaluate
prediction accuracy and inform PBF-LB process tuning.
Notably, we demonstrate that deterministic surface roughness
parameters, which capture both height and spatial information,
substantially increase model prediction accuracy. This approach
enables the implementation of a digital process twin that facili-
tates the prediction, visualization, and inverse design of tailored
surface roughness during fabrication. Hence, this work estab-
lishes a foundation for embedding surface roughness control
into the digital thread of AM, offering a pathway to reduce
post-processing, accelerate qualification, and expand the use of
PBF-LB from prototyping to production.

2. Experimental Section

2.1. AM of Specimens

Sixteen truncheon specimens are fabricated using IN718 powder
(26 μm average diameter) and an EOS M290 PBF-LB printer,
consistent with previous work from our group.[12] Since this work
focuses on the as-built surface roughness, the contour laser
process parameters used to fabricate each of the 16 specimens
are varied, while a constant 40 μm layer thickness, a 15 μm hatch
offset, and the EOS-recommended interior hatching process
parameters for IN718 are maintained.

Figure 1a shows a schematic of a truncheon specimen with 19
different 25� 25� 4mm square sections of build orientation
0°≤ α≤ 90° (5° increments). Figure 1b shows a photograph of
a representative truncheon specimen, whereas Figure 1c depicts
a cutaway view to illustrate the interior hatching pattern of the
specimen, and the contour 2 (outermost, red line) and contour
1 (innermost, blue line) laser passes that aim to smooth the
as-built surface roughness (similar to laser polishing).[54]

When both contour laser passes apply, contour 1 precedes con-
tour 2 with a constant 12 μm offset. When a single contour laser
pass applies, contour 1 is not used. Figure 1d schematically
shows the layout of the truncheon specimens on the build plate
with respect to the build-, recoater-, and gas flow directions.
The spatial layout of the specimens is selected to minimize
variations due to local thermal or flow field effects during fabri-
cation. A build plate fits eight truncheon specimens and requires
�40 h to print.

Table 1 summarizes the PBF-LB contour laser parameters
used to fabricate each of the 16 truncheon specimens.
Specimens 1–6 use down-skin settings, whereas specimens
7–16 use up-skin settings. Importantly, the PBF-LB process
parameters are maintained constant for each truncheon speci-
men, regardless of whether a surface corresponds to an up-skin
or down-skin condition. To investigate the influence of process
parameters on as-built surface roughness, the contour laser
power P and laser scan speed v are systematically varied by
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�� 10% and �20% around the EOS-recommended parame-
ters for IN718, which are P= 35W and v= 2,000mm s�1

(contour 2 only) and P= 138W and v= 390mm s�1, and
P= 80W at v= 800mm s�1 (contour 1 and contour 2), respec-
tively. Changing process parameters beyond �20% risks insuffi-
cient fusion of metal powder particles or melt pool
overheating.[55,56] To assess process repeatability across different
build plates, the process parameters for specimens 2 and 5, and 9
and 14 are duplicated. Furthermore, the contour laser power is
varied while maintaining constant laser scan speed to fabricate
specimens 7–11, whereas the laser scan speed is varied while
maintaining constant laser power to fabricate specimens
12–16. Hence, this systematic design of the experiments enables
evaluation of both individual and combined effects of PBF-LB

process parameters on the resulting as-built surface roughness,
covering the entire process envelope.

2.2. Surface Roughness Measurement

Measuring surface roughness involves quantifying and mapping
the surface height z at discrete coordinate locations (x,y), i.e.,
z= f(x,y). Here, surface height data is collected using a white
light interferometer (Contour X-500, Bruker, Tucson, AZ) with
a 10� objective lens. The setup provides a field-of-view of
1200� 1000 pixels with 0.38 μm lateral resolution and 1–5 nm
vertical resolution.[12] All measurements are corrected for
specimen tilt to ensure consistency across surfaces.

To capture the surface features typical of PBF-LB, nine individual
surface roughnessmeasurements are stitched together, resulting in
a 1.8� 1.8mm surface roughness map. The measurement param-
eters and protocol are established based on a convergence study to
ensure that the surface roughness results are independent of mea-
surement resolution and field-of-view. To improve data fidelity, a
Gaussian regression filter is applied to minimize measurement
noise, and a neighborhood averaging method is employed to
restore up to 5%missing pixel data, both caused by the limited light
reflectivity of the coarse as-built surfaces.

Figure 2a schematically illustrates the measurement region of
the as-built surface roughness on each square of the truncheon
specimens (center of each individual square). The up-skin surfa-
ces (build orientation α= 5° to 85° relative to the build direction),
the top surface (α= 0°), and the side surface (α= 90°) are
included. Down-skin surfaces are excluded from the analysis,
as support structure removal would compromise their as-built
condition. Figure 2b presents representative roughness maps
of specimen 02 (α= 70°) and specimen 03 (α= 5°), highlighting
typical surface features that result from PBF-LB, including pores,
balling, interior hatching patterns, contour laser scan lines,
staircase effect, and partially fused powder particles.

2.3. Quantifying As-Built Surface Roughness

As-built surfaces are characterized using areal, deterministic,
and hybrid surface roughness parameters. Areal surface rough-
ness parameters include average surface roughness Sa, root
mean square (RMS) roughness Sq, skewness Ssk, and kurtosis
Sku (see ISO 25178).[35] Skewness Ssk indicates the relative pres-
ence of peaks and valleys, where Ssk> 0 indicates more peaks
than valleys and Ssk< 0 indicates the opposite. Kurtosis Sku
measures surface sharpness, with Sku> 3 denoting sharp peaks
and Sku< 3 indicating rounded peaks.

Deterministic surface roughness parameters are derived from
surface peak statistics and include the standard deviation of
asperity heights σs, mean asperity radius Rs, and the asperity den-
sity ηs. First, all peaks on the surface are identified using an eight-
nearest neighbor algorithm. Parameter σs is computed directly
from the peak heights, whereas ηs represents the number of
peaks per unit area. The mean asperity radius Rs is calculated
as the mean of all peak radii Rs,i= - [(κx,iþ κy,i)/2]

�1, with
κx,i= d2z/dx2 and κy,i= d2z/dy2, respectively.[36,37] Note that the
roughness parameter σs/Rs is a dimensionless metric for surface
roughness.

Figure 1. a) Geometry and dimensions of the truncheon specimen.
b) Photograph of a representative specimen, and c) a cutaway view that
illustrates the interior hatching and contour laser passes. d) Schematic
that shows the location of the specimens on the build plate with respect
to the process directions.
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Hybrid surface roughness parameters derive from the surface
height and the primary spatial wavelength and include the RMS
surface slope Sdq and the developed interfacial area ratio Sdr (see
ISO 25 178).[35] These parameters are specifically useful to distin-
guish between surfaces with similar Sa yet qualitatively different
surface features.[57]

2.4. Data-Centric Models Based on ML Algorithms

2.4.1. Forward Data-Centric Model

Figure 3 presents a schematic overview of the methodology used
to develop and validate forward data-centric models that predict

Table 1. PBF-LB process parameters for each specimen, including contour laser power P and scan speed v, LED (based on scan speed only), and VED
(based on scan speed and layer thickness).

Specimen Contour 1 Contour 2

Laser power P1
[W]

Scan speed v1
[mm s�1]

Laser energy density Laser power P2
[W]

Scan speed v2
[mm s�1]

Laser energy density

Linear
[Ws mm�1]

Volume
[Wsmm�2]

Linear
[Wsmm�1]

Volume
[Wsmm�2]

1 0.0 4000.0 0.000 0.000 28.0 2000.0 0.014 0.350

2 0.0 4000.0 0.000 0.000 35.0 2000.0 0.018 0.438

3 0.0 4000.0 0.000 0.000 42.0 2000.0 0.021 0.525

4 0.0 4000.0 0.000 0.000 35.0 1666.7 0.021 0.525

5 0.0 4000.0 0.000 0.000 35.0 2000.0 0.018 0.438

6 0.0 4000.0 0.000 0.000 35.0 2500.0 0.014 0.350

7 110.4 390.0 0.283 7.077 64.0 800.0 0.080 2.000

8 124.2 390.0 0.318 7.962 72.0 800.0 0.090 2.250

9 138.0 390.0 0.354 8.846 80.0 800.0 0.100 2.500

10 151.8 390.0 0.389 9.731 88.0 800.0 0.110 2.750

11 165.6 390.0 0.425 10.615 96.0 800.0 0.120 3.000

12 138.0 487.5 0.283 7.077 80.0 1000.0 0.080 2.000

13 138.0 433.3 0.318 7.962 80.0 888.9 0.090 2.250

14 138.0 390.0 0.354 8.846 80.0 800.0 0.100 2.500

15 138.0 354.5 0.389 9.731 80.0 727.3 0.110 2.750

16 138.0 325.0 0.425 10.615 80.0 666.7 0.120 3.000

Figure 2. a) Schematic indicating the locations where the as-built surface roughness on the truncheon specimens is measured (center of each square).
b) Surface roughness maps of specimen 02 (α= 70°) and specimen 03 (α= 5°), identify characteristic features of as-built PBF-LB surfaces.
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the as-built surface roughness parameters (output) from PBF-LB
process parameters (input). The models consider five PBF-LB
process parameters as input: laser power and laser scan speed
of the contour 1 and 2 laser passes, i.e., P1, v1, P2, v2, and the
build orientation α. The volume energy density (VED) and linear
energy density (LED) are deliberately not included as additional
process parameters (input) in the models to prevent overfitting
since they are a function of P1, v1, P2, and v2. Although
commonly used in the literature, VED and LED are non-unique
process parameters because multiple combinations of laser
power and scan speed can yield identical values, thus limiting
their predictive capability. Only using LED and VED as process
parameters (input) did not result in models with high prediction
accuracy.

The models consider areal (Sa, Sq, Ssk, Sku), deterministic
(σs, Rs, ηs, σs/Rs), and hybrid (Sdq, Sdr) surface roughness
parameters (output). To normalize differences in unit scale,
magnitude, and range across the process parameters, z-score

normalization is applied.[58] The dataset is split randomly into
80% for model training and 20% for independent model vali-
dation. To construct data-centric models, three interpretable
ML algorithms are used: k-nearest neighbors (KNN), RF,
XGBoost, and two non-interpretable algorithms: SVR and
ANN. Mathematical descriptions of these algorithms are avail-
able elsewhere (see e.g., Toorandaz et al. and Burkov),[48,59] and
are omitted here for brevity.

Prediction accuracy of each data-centric model is evaluated
using the coefficient of determination (R2), the mean absolute
error (MAE), and the RMS error (RMSE).[60] Prediction accuracy
of each model is iteratively optimized via hyperparameter tuning
using a grid search strategy, iteratively adjusting algorithm-
specific parameters to maximize R2 while minimizing MAE
and RMSE. To further improve the prediction accuracy of the
models, tenfold cross-validation is applied;[59] the training data
is split into ten random folds, where nine folds are used to train
the models and the remaining fold serves as a validation set. This

Figure 3. Flowchart of the methodology to develop and validate forward data-centric models that link the PBF-LB process parameters (input) to the
as-built surface roughness parameters (output).
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process is repeated ten times until each fold serves as a validation
set exactly once.

In total, 50 data-centric models are constructed (one for each
combination of five ML algorithms and ten surface roughness
parameters), each tuned to maximize prediction accuracy.
Finally, the 20% hold-out validation data is used to quantify
the prediction accuracy of all 50 models, again by determining
R2, MAE, and RMSE. The data-centric models with the highest
prediction accuracy for each surface roughness parameter are
identified.

To evaluate whether the differences in prediction accuracy
between the different data-centric models are statistically signifi-
cant, a non-parametric statistical analysis is performed using
the Friedman test, followed by the Nemenyi post-hoc test for pair-
wise comparisons.[61] Each model is independently trained and
evaluated five times using tenfold cross-validation with different
random seeds, which results in five R2 scores per model for each
surface roughness parameter. The Friedman test assesses whether
statistically significant differences exist (p< 0.05) between the pre-
diction accuracy of the different data-centric models for all surface
roughness parameters. If significance is detected, the Nemenyi

post-hoc test is used to conduct pairwise comparisons and identify
which model pairs differ significantly.

2.4.2. Inverse Data-Centric Model

Figure 4 presents a schematic overview of the methodology used
to develop and validate inverse data-centric models that predict
the PBF-LB process parameters (output) from desired surface
roughness parameters (input). In contrast to the forward model,
where a user inputs well-known PBF-LB process parameters, it is
not intuitive to input any number of different areal, determin-
istic, and hybrid surface roughness parameters that characterize
a desired as-built surface roughness. Yet, without sufficient
quantitative information that describes the desired as-built
surface roughness, this inverse problem is inherently ill-posed,
and it is not possible to predict useful PBF-LB process parame-
ters. Hence, we adopt a two-step modeling strategy.

In step 1, the user specifies a desired as-built surface rough-
ness by means of a single Sa and built orientation α. A first ANN-
based model (data-centric model 1 in Figure 4) uses these inputs
to predict the full set of ten surface roughness parameters,

Figure 4. Flowchart of the methodology to develop and validate inverse data-centric models that link the as-built surface roughness parameters (input) to
the PBF-LB process parameters (output) in a two-step process; step 1 links a single Sa and α value to a set of ten surface roughness parameters. Step 2
links the ten surface roughness parameters to the PBF-LB process parameters.
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including areal, deterministic, and hybrid parameters. This
translates minimal user input into a comprehensive, high-fidelity
description of the desired surface roughness.

In step 2, a second ANN-based model (data-centric model 2
in Figure 4) uses the predicted surface roughness parameters
of step 1 as input to predict the PBF-LB process parameters: P1,
v1, P2, v2, and α. The hyperparameters of both ANNs are opti-
mized using a random search to minimize the validation loss,
which are calculated in terms of the mean squared error
(MSE).[60] Figure A1 (Appendix) shows the MSE as a function
of time (epoch) to illustrate the learning rate of the inverse
data-centric model in terms of both training and validation
loss.

This two-step inverse modeling approach enables practical use
of the model in a design and manufacturing context, where users
are unlikely to know all ten surface roughness parameters.
Instead, the model infers a complete surface roughness descrip-
tion from just Sa and α, and subsequently provides recom-
mended PBF-LB process parameters.

However, to address the non-uniqueness of the inverse prob-
lem, i.e., many different surfaces may satisfy the same Sa
value,[62] a Monte Carlo simulation approach is adopted. For
each prediction, N= 100 iterations are performed, producing
a distribution for each predicted process parameter.[63] The
arithmetic mean of each distribution is used to calculate the
prediction accuracy (R2, MAE, and RMSE) of each model.
Cases where the arithmetic mean <0 are discarded because
those outcomes lack physical meaning. R2, MAE, and RMSE
reflect the cumulative prediction accuracy of steps 1 and 2.
Additionally, for each data point in the validation set, the per-
cent error of each PBF-LB process parameter (P1, v1, P2, and v2)
is calculated, i.e., the ratio of the difference between the pre-
dicted and true value, and either the true value or the predicted
value (based on the arithmetic mean of their respective distri-
butions), whichever is larger. Finally, the arithmetic mean of
the percent error over all four PBF-LB process parameters is
computed and mapped as a function of combinations of Sa
and α to visualize the prediction accuracy as a function of
the surface roughness and build orientation.

Although inverse models using KNN, RF, SVR, and XGBoost
algorithms are also developed, these models consistently under-
perform the models based on the ANN algorithm in terms of
prediction accuracy. As in the forward modeling framework,
the dataset is split randomly into 80% training data and 20% val-
idation data to construct and evaluate the models, respectively.
However, unlike the forward model, no cross-validation was used
when developing the inverse model due to the significant compu-
tational cost.

3. Results and Discussion

3.1. Correlation Coefficient

Figure 5a depicts the Pearson linear correlation coefficients
between the ten as-built surface roughness parameters and
the PBF-LB process parameters. This analysis provides initial
insight into potential linear relationships within the dataset.
The deterministic and hybrid surface roughness parameters

exhibit stronger linear correlations with the PBF-LB process
parameters than the areal surface roughness parameters, consis-
tent with previous studies.[12,33] This trend arises because deter-
ministic and hybrid surface roughness parameters incorporate
both height and spatial information of the surface roughness,
whereas areal surface roughness parameters average height
information over the entire as-built surface. However, despite
its utility, a linear correlation coefficient alone is insufficient
to characterize the complex relationship between PBF-LB process
parameters and as-built surface roughness. Figure 5 also shows
the deterministic roughness parameter σs/Rs as a function of the
contour 1 laser power P1 (Figure 5b) and the contour 2 laser scan
speed v2 (Figure 5c), respectively, to illustrate their non-unique
relationship. This result emphasizes the limitations of linear cor-
relation analysis for such complex relationships. Hence, one
must consider non-linear relationships between the PBF-LB pro-
cess parameters and the as-built surface roughness parameters.

3.2. Prediction Accuracy of the Forward Data-Centric Model

Table 2 presents the prediction accuracy metrics (R2, MAE, and
RMSE) for each of the 50 forward data-centric models. Each

Figure 5. a) Pearson linear correlation coefficients between the as-built
surface roughness parameters and the PBF-LB process parameters,
and the deterministic roughness parameter as a function of b) the contour
1 laser power and c) the contour 2 laser scan speed to illustrate the ambig-
uous correlation between surface roughness and process parameters.
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model represents a combination of one of five ML algorithms
with one of ten surface roughness parameters. The models with
the highest prediction accuracy (max. R2, min. MAE, min.
RMSE) for each surface roughness parameter are bolded.
From Table 2, it is observed that the models with the highest
prediction accuracy predominantly use RF (6 out of 10 surface
roughness parameters), XGBoost (3 out of 10), and ANN
(1 out of 10) algorithms. Table 2 also shows that the models per-
form worst for predicting the skewness Ssk and kurtosis Sku. The
highest prediction accuracy is achieved for the deterministic and
hybrid surface roughness parameters. This is consistent with the
understanding that these surface roughness parameters incorpo-
rate surface height and spatial information, providing a more
comprehensive representation of the as-built surface roughness
and features that result from the PBF-LB process, in contrast to
areal surface roughness parameters, which primarily average
height information. The optimal hyperparameter combinations

for the highest performing models, as well as their computation
time for training, are provided in Table A1,A2, respectively
(Appendix).

The Friedman test indicates that statistically significant differ-
ences exist between the prediction accuracy of the different for-
ward data-centric models (p< 0.05) for all but one surface
roughness parameter (Sku). The Nemenyi test subsequently
shows that the prediction accuracy of the SVR-based model con-
sistently underperforms the models based on the RF and
XGBoost algorithms, whereas the models based on RF and
XGBoost algorithms display similar prediction accuracy without
a significant difference between them. Table A3 summarizes the
statistical analysis (Appendix).

Figure 6 validates the highest-performing forward data-centric
models for each surface roughness parameter category: (a) areal,
(b) deterministic, and (c) hybrid surface roughness parameters
(see Table 2), using the 20% hold-out validation data. Each

Table 2. Prediction accuracy (R2, MAE, RMSE) of the 50 forward data-centric models based on five different ML algorithms for each of ten surface
roughness parameters.

As-built surface roughness parameters Metric KNN ANN RF SVR XGBoost

Areal Average surface roughness, Sa R2 0.815 0.866 0.900 0.709 0.879

MAE 0.074 0.064 0.063 0.092 0.066

RMSE 0.120 0.102 0.088 0.150 0.097

RMS roughness, Sq R2 0.833 0.834 0.904 0.732 0.907

MAE 0.073 0.073 0.065 0.090 0.059

RMSE 0.117 0.116 0.088 0.1486 0.087

Skewness, Ssk R2 0.315 0.249 0.369 0.323 0.212

MAE 0.102 0.104 0.098 0.102 0.101

RMSE 0.142 0.149 0.136 0.141 0.152

Kurtosis, Sku R2 0.040 0.046 0.018 -0.005 0.003

MAE 0.139 0.133 0.148 0.140 0.141

RMSE 0.198 0.197 0.204 0.202 0.202

Deterministic Standard deviation of summit heights, σs R2 0.836 0.754 0.924 0.740 0.907

MAE 0.074 0.087 0.061 0.092 0.062

RMSE 0.117 0.144 0.080 0.148 0.088

Mean summit radius, Rs R2 0.800 0.754 0.890 0.790 0.859

MAE 0.083 0.087 0.066 0.090 0.074

RMSE 0.122 0.144 0.091 0.125 0.103

Summit density, ηs R2 0.828 0.745 0.902 0.766 0.885

RMSE 0.103 0.126 0.078 0.121 0.085

MAE 0.074 0.095 0.062 0.099 0.063

Roughness parameter, σs/Rs R2 0.856 0.781 0.924 0.808 0.940

MAE 0.067 0.079 0.054 0.084 0.050

RMSE 0.104 0.129 0.075 0.120 0.067

Hybrid Root means square surface slope, Sdq R2 0.763 0.715 0.838 0.686 0.896

MAE 0.093 0.109 0.076 0.105 0.064

RMSE 0.131 0.144 0.109 0.151 0.087

Developed interfacial area ratio, Sdr R2 0.784 0.706 0.904 0.637 0.891

MAE 0.083 0.090 0.059 0.106 0.064

RMSE 0.122 0.142 0.081 0.158 0.086
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datapoint in Figure 6a–c shows the prediction of the surface
roughness parameter using the forward data-centric model with
PBF-LB process parameters from the validation data as input,
compared to the corresponding ground-truth measurements
(from validation data). The limited scatter of data points around
the 45° line (indicating perfect prediction) confirms the strong
prediction accuracy (R2> 0.900).

Additionally, permutation feature importance[64] is computed
for each model to quantify the relative importance of each PBF-
LB process parameter (input) in the prediction of the surface
roughness parameter (output). The results demonstrate that
the contour laser power and build orientation are the most
influential parameters affecting the as-built surface roughness,
consistent with prior studies (see, e.g.,).[12,33,41,46,47]

Quantifying the effect of PBF-LB process parameters on the
as-built surface roughness parameters through physical
experimentation is time-consuming and resource-intensive.
However, such insights are critical for tuning PBF-LB process
parameters to fabricate surfaces with tailored surface rough-
ness and minimize the need for post-processing. The forward
data-centric models provide a computational framework to
visualize and analyze these relationships across the full pro-
cess envelope. To illustrate this, Figure 7 maps the predicted
deterministic roughness parameter σs/Rs (highest prediction
accuracy) as a function of the two most influential PBF-LB pro-
cess parameters P1 and α (see permutation feature importance,

Figure 6). Inset images display experimentally measured sur-
face roughness maps for selected specimens fabricated with
different process parameters, including double (specimens
12, 8, and 4, P1 6¼ 0 W and P2 6¼ 0W) and single (specimen
2, P1= 0W and P2 6¼ 0 W) contour laser passes, and various
build orientations (α= 0°, 5°, 55°, and 85°). All images are ren-
dered using a consistent color scale.

The predicted σs/Rs values range between �4 and 68,
capturing the wide variability in surface roughness that results
from different PBF-LB process parameters. The smoothest
as-built surfaces correspond to horizontal build orientations
(α= 0°), regardless of P1, as these surfaces do not display
any staircase effect (a geometric artifact of the layer-
wise approximation of inclined surfaces, see inset image
1) that dominates the as-built surface roughness for shallow
build orientations (see inset image 6). This observation agrees
with multiple experimental findings reported in the literature
(e.g.,[12,13]).

Additionally, steep build orientation (α> 55°) combined
with high contour power (P1> 120 W) also yields smooth
as-built surface roughness (see inset image 2). This is because
overlapping contour scan lines at steep orientations smoothen
the discrete layer steps. Notably, the required P1 to obtain
smooth as-built surfaces decreases with increasing α> 55°,
as fewer discrete steps need to be melted over and a smaller
melt pool can smoothen those surface features (see inset

Figure 6. Experimental validation of the forward data-centric models with the highest prediction accuracy for a) areal, b) deterministic, and c) hybrid
surface roughness parameters, using the validation dataset. The permutation feature importance identifies the relative effect of each input parameter in
the prediction of the output parameters.
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image 3). This result agrees with experimental work published
by others.[12,65]

Conversely, σs/Rs increases with decreasing P1, regardless
of α. This is especially pronounced for intermediate build
orientations 5°≤ α≤ 55°, where either a shallow build orien-
tation (staircase effect) prevents the contour laser pass to cover
the interior hatching and, thereby, creates coarse as-built sur-
faces (see inset image 6), or an intermediate build orientation
with insufficient power P1 to smoothen the discrete steps
between subsequent layers results in balling phenomena
between layers (see inset images 4 and 5), also noted in prior
work.[12]

Hence, Figure 7 demonstrates that data-centric models can
efficiently map the complex relationship between PBF-LB pro-
cess parameters and as-built surface roughness across the entire
process envelope. An insight that would be prohibitively expen-
sive and time-consuming to acquire through experiments only.

3.3. Prediction Accuracy of the Inverse Data-Centric Model

Table 3 summarizes the prediction accuracy (R2, MAE, and
RMSE) of the inverse data-centric model. This model predicts
the distribution of PBF-LB process parameters based on the

Figure 7. Deterministic roughness parameter σs/Rs as a function of build orientation α and contour laser power P1. Inset images show experimental
surface roughness maps of selected as-built surfaces fabricated with double (specimens 4, 8, and 12) and single (specimen 2) contour laser passes. All
inset images scale according to the same color bar as the inset image 1.
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desired as-built surface roughness parameters and build orienta-
tion. The prediction accuracy is calculated using the arithmetic
mean of the predicted distribution of each PBF-LB process
parameter (see Section 2.4.2). From Table 3, the highest predic-
tion accuracy occurs for P1 and v1, although it is similar for all
four PBF-LB process parameters.

Figure 8 validates the inverse data-centric model for the
PBF-LB process parameters; (a) P1 (b) v1 (c) P2, and (d) v2,
using the 20% hold-out validation data. Each data point in
Figure 8a–d shows the arithmetic mean of the predicted dis-
tribution of the process parameter using the inverse data-
centric model from the validation data as input, compared
to the corresponding ground-truth (from validation data).
The modest scatter of data points around the around the
45° line (indicating perfect prediction) confirms the strong
prediction accuracy (R2� 0.81).

To demonstrate the practical utility of the inverse model, a rep-
resentative use case is illustrated; predicting the PBF-LB process
parameters to achieve a desired as-built surface roughness of
Sa= 20.07 μm at a build orientation α= 15°. Figure 9a–d shows
the predicted distributions of the different PBF-LB process
parameters that result from the inverse model. Additionally,
Table 4 summarizes the predicted arithmetic means and true val-
ues of the PBF-LB process parameter. The variation between the
prediction and true value is within 8% for all PBF-LB process
parameters.

To assess the generalizability of the inverse model across the
entire process envelope, Figure 10 presents the mean percent
error of the predicted PBF-LB process parameters as a function
of Sa and α. For each validation data point, the percent error is
computed for each of the four predicted PBF-LB process

Table 3. Prediction accuracy (R2, MAE, RMSE) of the PBF-LB process
parameters that result from the inverse data-centric model.

PBF-LB process parameters R2 MAE RMSE

Contour 1 laser power P1 0.832 0.097 0.171

Contour 1 laser scan speed v1 0.838 0.098 0.191

Contour 2 laser power P2 0.786 0.112 0.158

Contour 2 laser scan speed v2 0.790 0.107 0.156

Figure 8. Experimental validation of the inverse data-centric model, showing the prediction accuracy for all PBF-LB process parameters: a) P1, b) v1, c) P2,
and d) v2, using the validation data.

Figure 9. Experimental validation of inverse data-centric model for a typical example, showing the distribution for all PBF-LB process parameters: a) P1,
b) v1, c) P2, and d) v2, for Sa= 20.07 μm and α= 15° as input.

Table 4. Experimental validation of an inverse data-centric model for a
typical example, showing the predicted and true values for all PBF-LB
process parameters for Sa= 20.07 μm and α= 15° as input.

PBF-LB process parameters Predicted True Difference [%]

Contour 1 laser power P1 137.55 W 138.00 W 0.32

Contour 1 laser scan speed v1 381.12mm s�1 390.00 mm s�1 2.30

Contour 2 laser power P2 79.11 W 80.00 W 1.11

Contour 2 laser scan speed v2 740.07 mm s�1 800.00 mm s�1 7.78
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parameters (P1, v1, P2, and v2) as the difference between the pre-
diction and the true value, divided by the true value (based on the
arithmetic mean of their respective distributions). The arithmetic
mean of the percent error of the four PBF-LB process parameter
predictions is reported.

Figure 10 shows that the mean percent error decreases
with increasing build orientation α and with decreasing
surface roughness Sa. The prediction error is lowest for
shallow build orientations (α< 15°), where the surface rough-
ness is dominated by the interior hatch pattern and the stair-
case effect, which results from the stepped approximation of
inclined geometries in layer-wise fabrication.[12] The average
roughness Sa does not accurately capture (local) surface fea-
tures such as the staircase effect, because it averages all
surface heights over the entire surface. For increasing build
orientations, the contour laser pass increasingly mitigates
these effects, and the prediction accuracy of the model
increases.

However, when α> 15°, variability of the prediction
accuracy re-emerges. Specimens fabricated with a single
contour laser pass (P1= 0 W, see inset image 1) exhibit
coarser surface roughness than those fabricated with two
contour laser passes (see inset image 2). The second
contour laser pass provides additional smoothening in addi-
tion to the first contour laser pass and, thus, reduces Sa.
Consequently, the model achieves higher accuracy when
predicting smoother surfaces, where the spatial variability is
lower, and Sa provides a more representative measure of
surface roughness.

Figure 10. Mean percent error of the inverse model as a function of build
orientation α and average surface roughness Sa. Inset images show exper-
imental surface roughness maps of selected as-built surfaces representing
typical examples of high and low mean percent error.

Figure 11. Comparison between the range of the PBF-LB process parameters for IN718 used in this work (orange circles) and those documented in the
literature (green triangles), including a) laser power, b) laser scan speed, and c) build orientation.
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3.4. Limitations

The prediction accuracy of data-centric models is fundamen-
tally tied to the size and scope of the experimental dataset
used to derive them. Figure 11 compares the process envelope
of the PBF-LB process parameters considered in this work
(orange circles) with those reported in the literature IN718
(green triangles), including (a) laser power, (b) laser scan
speed, and (c) build orientation. From Figure 11, it is evident
that our dataset spans nearly the full range of reported values
for laser scan speed and build orientation, thus ensuring that
the derived models generalize well across typical PBF-LB con-
ditions for IN718. However, a few studies report higher laser
power values than those used in this study, for instance, in
applications that involve multi-material processing (e.g., fuse
IN718 with 316 stainless steel) or to tailor the microstructure
and crystallographic texture of fabricated parts.[66,67]

Expanding the process envelope to include such high-power
regimes, along with additional experimental data, would likely
increase the prediction accuracy of both forward and inverse
data-centric models.

The prediction accuracy of the inverse model (�80%) is
slightly lower than that of the forward model (�90%). This
is primarily due to the two-step architecture of the inverse
modeling approach; step 1 predicts the full set of surface
roughness parameters from a given average surface roughness
Sa and build orientation α, whereas step 2 maps these pre-
dicted surface roughness parameters to the corresponding
PBF-LB process parameters. Each step introduces its own pre-
diction error, and because these are executed in series, the
compounded uncertainty reduces the overall prediction accu-
racy of the inverse model relative to the single-step forward
model.

Additionally, the two-step inverse modeling approach adds
considerable computational cost compared to the forward
model, which precludes the use of tenfold cross-validation
during training of the inverse model. A potential solution
could be to use a multi-output ensemble model that simulta-
neously predicts multiple process parameters. However,
such models require larger experimental datasets to avoid
overfitting.

Another promising strategy to improve prediction accuracy
while reducing data requirements is to incorporate physics-
informed ML (PIML). By embedding physical constraints
and domain knowledge directly into the model structure or
loss function, PIML leverages smaller datasets to improve
model interpretability. For example, known relationships
between melt pool behavior, heat transfer, and surface rough-
ness could guide the model architecture or inform feature
engineering.

Finally, although the forward and inverse modeling
frameworks presented in this work are general and not limited
to a specific material system or AM modality, the specific
results relating process parameters to surface roughness
(and vice versa) are applicable only to IN718. This limitation
arises from the fact that all experimental data used in this
study were obtained from IN718 specimens. Nevertheless,

the modeling framework itself can be applied to other materi-
als, provided that appropriate experimental data are available,
enabling practitioners to gain material-specific insights into
the process–surface roughness relationship.

4. Conclusion

A data-centric modeling framework to quantitatively establish
the relationships between PBF-LB process parameters and
as-built surface roughness parameters for IN718 speci-
mens is presented, spanning the full process envelope. This
framework enables both forward prediction and inverse
design of process parameters, offering new capabilities to
optimize surface roughness in PBF-LB without extensive
post-processing.

A forward data-centric model that maps PBF-LB process
parameters to a comprehensive set of areal and deterministic
as-built surface roughness parameters is developed and imple-
mented. Models based on the deterministic roughness param-
eter σs/Rs, which capture both spatial and height information
of the as-built surface roughness, yield the highest prediction
accuracy (�90%). This highlights the importance of integrat-
ing spatial information, in addition to height information, to
effectively model the complex surface features of the as-built
surfaces, intrinsic to layer-wise fabrication.

The forward data-centric model enables quantitative map-
ping of the effect of the PBF-LB process parameters on the
as-built surface roughness, providing a fast and scalable alter-
native to time-consuming experimental trial-and-error. In
doing so, the model not only supports process tuning for
desired surface roughness but also offers physics-informed
insights into the underlying process-surface relationships in
PBF-LB. This capability is essential for intelligent PBF-LB sys-
tems aimed at real-time process optimization and in-situ
control.

An inverse data-centric model is introduced for the first time,
which infers a distribution of PBF-LB process parameters from a
desired average roughness and build orientation. The two-step
model reconstructs a full set of surface roughness parameters
and then maps them to process parameters. Despite its compu-
tational cost, the inverse model achieves a prediction accuracy of
�80%, enabling process parameter selection to meet surface
roughness specifications without post-processing. This capability
is critical for adaptive AM workflows and closed-loop control sys-
tems where reverse mapping from desired outcomes to process
inputs is essential.

Together, the forward and inverse data-centric models
form a complementary framework that supports intelligent
decision-making in PBF-LB. Expanding the experimental dataset,
integrating PIMS, and developing ensemble or multi-output
architectures could further enhance model efficiency, as
well as generalizability across alloys, geometries, and machine
platforms.

An online tool that implements the forward and inverse mod-
els of this work is available at https://amsurfaces.cs.vt.edu/ for
readers to explore.
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Appendix

Table A1. Hyperparameter range for grid search using the forward model and hyperparameters to achieve the highest prediction accuracy for each of 10
surface roughness parameters.

Surface topography parameters Hyperparameter range Hyperparameters for achieving the highest prediction accuracy

Sa (RF)
N estimators 100, 200, 300
Max. depth 10, 20, 30, none
Min. samples split 2,5,10
Min. samples leaf 1,2,4
Bootstrap True, False

Bootstrap True, max. depth 20, min. samples leaf 1, min. samples split 2, N estimators 100

σs Bootstrap True, max. depth 20, min. samples leaf 1, min. samples split 2, N estimators 100

Rs Bootstrap True, max depth 20, min samples leaf 1, min. samples split 2, N estimators 100

ηs Bootstrap True, max depth 20, min samples leaf 1, min. samples split 5, N estimators 100

Sdr Bootstrap True, max. depth 10, min. samples leaf 1, min. samples split 2, N estimators 300

Sq (XGBoost)
N estimator 100, 200, 300

Max. depth 3,5,7
Learning rate 0.01, 0.1, 0.2

Subsample 0.8 1.0
Colsample bytree 0.8, 1.0

Gamma 0,0.1,0.3

Colsample bytree 1.0, gamma 0.1, learning rate 0.1, max. depth 3, N estimator 300, subsample 0.8

σs/Rs Colsample bytree 1.0, gamma 0.3, learning rate 0.2, max. depth 3, N estimator 200, subsample 0.8

Sdq Colsample bytree 0.8, gamma 0.1, learning rate 0.01, max. depth 5, N estimator 300, subsample 0.8

Figure A1. MSE as a function of time (epoch) to illustrate the learning rate of the inverse data-centric model in terms of both training and validation loss
to predict each PBF-LB process parameters: a) P1, b) v1, c) P2, and d) v2.
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