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Abstract

Microstructure control and high residual stresses remain key challenges in metal additive manufacturing. A novel artifi-
cial intelligence-based framework, which considers the underpinning thermal evolution, was developed to generate laser
scanning strategies that can mitigate these issues. The framework integrates a convolutional neural network (CNN) and
a genetic algorithm (GA): the CNN predicts temporal and spatial temperature distributions, while the GA optimizes laser
scanning sequences based on designated criteria. To validate the approach, laser scanning strategies for laser powder bed
fusion of stainless steel 316 L were generated and experimentally implemented. The scanning pattern designed to maxi-
mize cooling rate produced refined microstructures. Similarly, microstructure characterization revealed reduced kernel
average misorientation values in samples fabricated using the minimised temperature gradient criterion, indicating lower
residual stress and local plastic strain. This preliminary experimental validation demonstrates the potential of this solidifi-
cation conditions associated with deep learning based framework to control microstructure and defect formation in metal
additive manufacturing, particularly for larger and more realistic component sizes.
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1 Introduction

Metal additive manufacturing (AM) offers the promising
ability to build complex components. Laser powder bed
fusion (LPBF) is a widely adopted metal AM method across
different industries [1, 2]. The scanning strategies employed
to build individual layers of materials in the LPBF and other
AM processes directly influence the thermal evolution dur-
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gradients [5—8]. These thermal demerits lead to defective
manufacturing quality such as undesirable microstructures
and residual stresses [9-11].

Considerable experimental [12—16] and simulation [8,
17-19] efforts have been dedicated to investigating the
effects of various scanning strategies on the AM compo-
nents. Liu et al. [15] introduced adding non-laser scanning
segments after scan lines to maintain consistent scan line
lengths, effectively reducing overheating accumulation.
This approach lowered peak temperatures and minimised
porosity and other defects. Nadammal et al. [20] investigated

@ Springer


https://doi.org/10.1007/s40964-025-01467-w
http://crossmark.crossref.org/dialog/?doi=10.1007/s40964-025-01467-w&domain=pdf&date_stamp=2026-1-2

2286

Progress in Additive Manufacturing (2026) 11:2285-2294

the use of unconventional scanning strategies, such as the
alternating and rotational scanning strategies. They dem-
onstrated that precise control of scanning strategies could
effectively modify the microstructure and residual stresses
distribution in LPBF manufactured parts. Through model-
ling, Evans et al. [21] evaluated different scan path lengths
for varying sample thicknesses to control the final structure.
Experiments also demonstrated that shorter scanning vec-
tors can reduce residual stress [22, 23]. Consequently, island
scanning strategies that divide each layer into islands form-
ing a checkerboard pattern, with each island raster-scanned
using shorter scan tracks, effectively reduce residual stress
and cracking during manufacturing [13, 18, 24-26].

Optimising scanning strategies requires testing many
sequences. Such testing is limited by resource and time
constraints, making it impractical to conduct extensive test-
ing either experimentally or through numerical simulations.
Machine learning (ML) approaches have emerged as a pro-
spective tool for optimising AM scanning strategies. It can
process vast and complex datasets to uncover patterns that
conventional methods might overlook, offering faster train-
ing and more efficient predictions compared to physics-based
simulations. Recent studies [27-32] have begun to explore
the potential of ML methods for improving scanning strate-
gies and final part quality in AM processes. Qin et al. [27]
utilised deep reinforcement learning to optimise scanning
path generation in LPBF process. This approach achieved
uniform thermal distribution and minimised residual stress
in stainless steel components 316L (SS316L). Dharmawan
et al. [30] used reinforcement learning to enhance surface
quality and shape accuracy in wire arc additive manufactur-
ing of bronze and stainless steel. ML methods to optimise
AM parameters like laser power and scanning speed also
were reported [33].

Although ML and artificial intelligence (AI) have been
increasingly applied to optimise additive manufacturing
processes, several limitations persist. Most existing studies
focus on parameter level optimisation, such as tuning laser
power or scanning speed, which fails to capture the spatio-
temporal heat evolution that governs microstructure forma-
tion and residual stress development. In addition, existing
frameworks rarely integrate artificial intelligence, in partic-
ularly deep learning based temperature field design/predic-
tion with evolutionary optimisation algorithms, leaving the
link between thermal field estimation and scanning strategy
design incomplete. Experimental validation is also limited,
with many approaches remaining at the simulation level or
assessing only macroscopic build quality rather than micro-
structural characteristics.

To address these limitations, the present work introduces
a comprehensive Al framework that directly regulates the
spatiotemporal temperature field during metal additive
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manufacturing. The proposed approach combines a convo-
lutional neural network (CNN) for predicting thermal evo-
lution with a genetic algorithm (GA) for optimising island
printing sequences. The CNN rapidly predicts the spatio-
temporal evolution of the temperature field, while the GA
performs global optimisation to determine the optimal scan-
ning sequence that regulates cooling rates and temperature
gradients. This combination provides a physics informed
and computationally efficient route to control heat accu-
mulation and cooling rate, which achieve microstructural
refinement and make an advancement beyond existing data-
driven or parameter-optimisation approaches. The effective-
ness of the CNN-GA framework is validated experimentally
using laser powder bed fusion (LPBF) of stainless steel
316L, demonstrating its ability to tailor microstructural fea-
tures according to specific metallurgical objectives such as
grain refinement.

2 Deep learning pipeline

The proposed approach incorporates physical modelling
and deep learning. The overall mechanism was constructed
on the physical basis for thermal evolution, followed by
algorithmic optimisation of the island printing sequence.
The optimisation of island printing strategies for achieving
refined microstructure and reduced residual stresses were
considered in this preamble study.

An iterative model based on the 2D heat equation was
employed to estimate spatiotemporal evolution of tempera-
ture during the additive process, as described [34]:
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where T is temperature, ¢ is time, o is thermal diffusivity and
x and y are spatial dimensions. For this model, the thermal
diffusivity of solidified metal and unfused powder is consid-
ered different. SS316L is studied for the predictive demon-
strations, a was set as 0.35 x 107> m?s~ ! for solidified Sect
[35]., while unfused powder was assumed to have one-tenth
that. The domain was discretised into 1 mm spatial inter-
vals corresponding to island size, with the time of printing
an island taken as 0.0142 s from machine parameters. This
is done since isothermal internal temperature distribution
within each single island is considered and thus assumed
to be negligeable for the purpose of optimisation of the gra-
dient calculation between the islands. To enable efficient
generation of a large training dataset (10,000 data points),
the model incorporated simplifying assumptions, including
disregarding convection and assuming the powder bed acts
as an infinite heat sink. Each training data point contained
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initial and final thermal distributions after laser passes, with
heat transfer efficiency assumed to be 8%. Random thermal
histories were also generated and included to enable learn-
ing of more complex scenarios where islands may have
varied fusion states (more details of the finite difference
method (FDM) employed can be found in supplementary
information, see annex A).

Subsequently, two fitness evaluation algorithms (maxi-
mised cooling rate for finer grains and minimised thermal
gradient for reduced residual stress) were developed to
assess island printing strategies. The first algorithm evalu-
ated cooling rate fitness by measuring temperature decrease
for an island during the printing of subsequent islands,
which directly influences grain size, as described by;

T = 2L
dy

2
where T represents the cooling rate, dp represents the
temperature change, and d; represents corresponding time
duration. The second algorithm assessed residual stress
potential based on the thermal expansion relationship [36]:

AL d

where 4L is the expansion or contraction, L, is the origi-
nal length, o is the thermal expansion coefficient, AT is

the thermal gradient and d, represents the spatial position
change. To minimize residual stresses, mean thermal gradi-
ents across the sample were calculated using Eq. (4), and the
thermal gradient cost was evaluated using Eq. (6). It should
be noted that this assessment produces a cost rather than a
fitness value, as the objective is minimisation. Both algo-
rithms utilised spatial, and temporal resolved temperature
data derived from proposed printing strategies.

To implement the optimisation process, two learning
approaches were utilised, as shown in Fig. 1a. First, a CNN
was trained to efficiently approximate thermal distribu-
tions by mimicking the 2D heat Eqs [37, 38]. The training
data comprised three input arrays: initial thermal distribu-
tion, the next island to be printed, and all previously fused
islands. The CNN architecture consisted of three residual
neural network (ResNet) layers, each containing 64 padded
convolutional kernels (3 x 3 dimension) with batch nor-
malisation and rectified linear unit (ReLU) activation [39],
achieving a mean squared error of approximately 10~ 2 K
compared to iteratively estimated training heat data. This
implementation utilised the Keras TensorFlow library [40].
Second, a custom genetic algorithm was employed to opti-
mise printing sequences by switching the order of islands
printed rather than altering conventional parameters. The
evaluation process was accelerated through parallelisation
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of fitness assessment using the trained CNN. Each genera-
tion consisted of 64 printing sequences, with the best-per-
forming individual carried forward to the next generation
along with 32 variations with different mutation degrees,
where mutations are a switch of randomly selected parts of
the sequence. This combined approach ultimately led to two
optimised island printing sequences: one that maximised
cooling rates to minimise grain size, and another that mini-
mised temperature gradients to reduce residual stresses.

Using the computational methodology described above,
fitness and cost functions based on metallurgical criteria
were implemented into the genetic algorithm. A cooling rate
fitness was calculated as;
Fp = Ty, — Tij, )
where ij is the location printed in timestep n-1.

In addition, thermal gradient cost was defined as;

E 5 (‘1‘7777‘1,]*1‘+"1'1_]7’1v7,_]+1|+‘1‘177Y‘Lflj‘+"1"l._]7’lvﬂ,+l]|)
1=0,j=0 1
Co = (6)

n

where Cl is the dimensionless thermal gradient cost param-
eter, T;; represents the temperature value at grid position (i,
j), and n denotes the total number of islands within the com-
putational domain, where n=25 for all approaches tested in
this study.

3 Experimental

Four LPBF-AM scanning approaches were experimen-
tally evaluated with SS316L. The first two (reference)
approaches included line printing with dimensions of 5 x5
mm? and conventional island printing composed of 25 inde-
pendent islands (each 1 x 1 mm?) with overall dimensions of
5x5 mm?. The geometry and the sample size was selected
to keep a balance between computational efficiency and
experimental feasibility. This dimension enables efficient
simulation and deep learning training. It also provides an
appropriate area for post-process characterisation such
as electron backscatter diffraction (EBSD). Additionally,
two deep learning-based scanning approaches (minimised
temperature gradients and maximised cooling rates) were
implemented with dimensions identical to the conventional
island printing approach, differing only in their scanning
strategies (see Fig. 1b).

To fabricate the test samples, gas atomised SS316L
powder with a particle size distribution of 20-65 pm was
used (see supplementary Fig. S1). EOS® M290 LPBF sys-
tem was employed for sample fabrication and the system
was fitted with an Yttrium fibre laser with 1060—1100 nm

@ Springer

wavelength. The diameter of the focused beam was approxi-
mately 0.1 mm. Argon was supplied to maintain the inert
environment with an average flow rate of approximately
0.6 m*/h. All the samples were processed with 250 W laser
power, 1000 mm/s scanning speed, and 0.07 mm hatch spac-
ing. The layer thickness was maintained at 0.035 mm. All
design files were prepared using SolidWorks® and EOS®
Print software. These parameters were kept constant for all
island-scanning strategies and line printing to ensure that
variations in the results originate solely from differences in
scanning sequence design rather than from changes in pro-
cess parameters.

Post-process characterisation was conducted on the
as-built specimens using a Tescan® LC scanning electron
microscope. An Oxford Instruments® EBSD detector was
equipped to examine the grain size and internal state to eval-
uate stress conditions. Five representative areas (500 pm x
500 pm) were selected for EBSD indexing from the four
corners and the centre of the specimens, as shown in Fig.
S2. Using AZtec Crystal® software, EBSD results were pro-
cessed to extract grain size and kernel average misorienta-
tion (KAM).

4 Results and discussion
4.1 Deep learning derived thermal gradient

The simulated mean absolute thermal gradient at a printed
island for different scanning strategies including, minimised
temperature gradient, maximised cooling rate and refer-
ence island printing are shown in Fig. 2a. The trend lines
illustrate the overall evolution of thermal gradient during
the additive process of each strategy. As shown in the fig-
ure, conventional scanning strategy tends to produce higher
thermal gradients in the early stages and potentially lead-
ing to residual stress issues. Under the maximised cooling
rate scanning strategy, thermal gradients exhibit greater
variations but generally remain lower than the conventional
island printing approach. After printing the first 10 islands,
the thermal gradients rapidly decrease, eventually reaching
approximately 100 K/mm before completion. As indicated
the maximised cooling rate strategy reduces thermal gra-
dients, but it may introduce significant fluctuations during
the process. The minimised temperature gradients strategy
successfully reduces overall thermal gradients. Throughout
the process, thermal gradients remain relatively low (con-
sistently below 200 K/mm) and exhibit a gradual upward
trend. Quantitative comparisons further confirm the dis-
tinct behaviour of the three scanning strategies. The aver-
age thermal gradient of the conventional island-printing
case is approximately 243 K/mm, while the values for the
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maximised cooling rate and minimised temperature gradient
strategies decrease by about 17% and 50%, respectively. In
addition, the average thermal gradient for the line scanning
case was approximately 4900 K/mm, which is about one
order of magnitude higher than that of the island-printing
strategies. This comparison is provided in the Supplemen-
tary Information (Fig. S3) to illustrate the pronounced
thermal non-uniformity associated with continuous line
scanning.

Figure 2b shows the dimensionless thermal gradient cost
parameter evolution with increasing iterations. The dimen-
sionless thermal gradient cost parameter decreases with
iterations, reflecting the effectiveness of the optimisation
process. Initially (0-50 iterations), the cost is high (>140).
Between 50 and 150 iterations, it rapidly declines (~100),
and after 150 iterations, it stabilises around 90. This sug-
gests that the optimisation algorithm (genetic algorithm)
successfully refines the scanning strategy, reducing ther-
mal gradient costs. The convergence indicates an optimised
strategy has been found where deep learning-based optimi-
sation (GA+CNN) effectively adjusts scanning paths.

4.2 Crystallographic orientations and thermal
history

EBSD maps and pole figures obtained from the fabricated
samples are compared in Fig. 3a. All four samples exhibit
fully face-centered cubic (FCC) phase. The line printing
sample displays pronounced columnar grain structures with
significant orientation clustering in the < 100 > direction
which indicates strong texture formation. The three island
printing samples show more uniform orientation distri-
butions in pole figures, suggesting this printing method
reduces the formation of texture. The conventional island
printing sample shows non-uniform grain size distribution
with larger grains in certain regions; this heterogeneity may
lead to localised stress concentrations that affect mechani-
cal properties [22, 23]. The minimised temperature gradi-
ents scanning strategy produced slightly larger grain sizes

T T
0 50 100 150 200
Iteration

compared to conventional island printing without signifi-
cantly oversized grains, indicating that moderate cooling
rate (Fig. 2a) promoted more stable grain growth. The max-
imised cooling rates scanning strategy resulted in smaller
grain sizes, demonstrating that rapid cooling inhibited het-
erogeneous nucleation and refined microstructures.

Figure 3b and ¢ compare the evolution of temperature
gradients and cooling rate of top-left corner of the sample
for different island scanning strategies during the additive
process. The top-left corner is corresponding to the 1st posi-
tion of the sequence of conventional island printing, the 10th
position for maximised cooling rates, and the 25th posi-
tion for minimised temperature gradients-based printings,
respectively. For conventional island printing, the tempera-
ture gradient is initially high (~700 K/mm) and gradually
decreasing but maintaining within the 400-500 K/mm range
throughout the process. In the maximised cooling rates scan-
ning strategy, temperature gradients begin near 0 but rapidly
increase after printing commences then gradually decrease
during subsequent printing operations. This demonstrates
that the rapid cooling strategy significantly reduces initial
temperature gradients but causes certain regions to experi-
ence sudden thermal shock when new islands are printed.
For minimised temperature gradients, the temperature gra-
dient remains close to 0 throughout the printing process.
It rises only during the final upper-left corner printing and
reaches only 450 K/mm, lower than previous temperature
gradients. This indicates that this strategy effectively reduces
temperature gradient variations during printing, resulting in
a more uniform temperature field. Regarding the cooling
rate variations, all three scanning strategies initially exhib-
ited negative cooling rates (heating) when printing reached
specific points. Due to our assumptions about powder bed
functions as an infinite heat sink, the two deep learning-
derived scanning strategies displayed extremely high heat-
ing rates. However, the subsequent cooling rates aligned
with expectations, where the maximised cooling rate strat-
egy showed cooling at 8 x 10> K/s after heating, while the
reference and maximised cooling rates strategies exhibited
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only 1.7x10% K/s and 3.6 x 10* K/s, respectively. The peak
local temperature gradient of the maximised cooling rates
strategy changes by approximately+ 1%, whereas that of
the minimised temperature gradients strategy decreases by
about 36% compared with the conventional island print-
ing case. Regarding the peak cooling rate in Fig. 3c, the
minimised temperature gradient and maximised cooling
rate strategies exhibit approximately fourfold and twofold
higher values, respectively, relative to the conventional
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island printing strategy. These quantitative results confirm
that the CNN-GA optimisation framework provides effec-
tive and physically interpretable control of the spatiotem-
poral thermal conditions, which directly contribute to the
refined and more uniform microstructures observed in the
fabricated samples. Comparatively, the higher temperature
gradients of conventional island printing result in non-uni-
form grain structures. Maximised cooling rates refine grain
size, but local thermal plummet may induce greater local
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strain and stress. Minimised temperature gradients reduce
heat accumulation with a moderate cooling rate, producing
more uniform grains with reduced texture.

In addition, to further demonstrate that the island scan-
ning strategy reduces crystallographic texture compared to
the conventional line approach, Fig. 4 presents a quantita-
tive comparison of misorientation angle distributions across
different samples. As shown in Fig. 4a, the frequency dis-
tributions reveal distinct differences between the reference
line sample and the island-based samples. The congruence
analysis in Fig. 4b provides a quantitative measure of how
closely each experimental distribution matches the theoreti-
cal random distribution. The reference line sample shows a
congruence value of approximately 73%, indicating a higher
degree of preferred texture. In contrast, the three island-
based samples all achieve congruence values approaching
99%, indicating near-random crystallographic orientations
with substantially reduced texture. This difference in con-
gruence clearly demonstrates the advantage of the island
scanning strategy in minimizing crystallographic texture.
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4.3 Grain size and internal state

KAM maps for four different approaches are shown in
Fig. 5a. All four approaches exhibit high KAM values at
grain boundaries (compared to Fig. 3a). The KAM is a mea-
sure of local grain misorientation, with high KAM values
indicating more local orientation variations with substantial
plastic deformation and geometrically necessary disloca-
tions (GNDs) accumulate regions. The conventional island
printing shows slightly higher KAM distribution compared
to line printing. The deep learning-based scanning strategies
demonstrate distinct differences, with the minimised tem-
perature gradient approach exhibiting overall lower KAM
values. In contrast, the maximised cooling rate approach
displays the most pronounced KAM distribution among
all approaches, indicating that higher cooling rates lead to
greater dislocation accumulation and localised strain.
Quantitative comparison of average grain size and KAM
values obtained for different scanning strategies are pre-
sented in Fig. 5b (represent the average values obtained
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from the five EBSD measurement regions shown in supple-
mentary Fig. S2). As shown, conventional island printing
exhibits larger grain sizes compared to line printing (29 vs.
26 um), which may be attributed to batch-wise solidification
resulting in slower cooling rates. The maximised cooling
rates strategy contributes to grain size reduction as intended
[41, 42], with measurements showing a decrease of 25%
compared to conventional island printing (to approximately
22 um). The minimised temperature gradients strategy
produces grain sizes between those of conventional island
printing and maximised cooling rates. This indicates that
reducing temperature gradients aids grain refinement, though
with limited effectiveness. KAM results reveal the lowest
values (approximately 0.85°) for the minimised temperature
gradients scanning strategy, indicating reduced local plastic
strain and residual stress. In contrast, high cooling rates pro-
duce higher KAM values (1.15°) from abrupt temperature
drops that lead to thermal stress accumulation. This is due
to rapid solidification increases thermal stresses, promoting
dislocation formation and accumulation, while minimising
temperature gradients reduces this internal incompatibility.

The observed trends can be explained by well-estab-
lished principles of solidification [43, 44]. Grain refinement
achieved under the maximised cooling rate strategy follows
the inverse relationship between grain size and nucleation
undercooling, where higher cooling rates enhance nucle-
ation density and shorten growth duration [45, 46]. In con-
trast, lowering the temperature gradient reduces thermal
mismatches and the accumulation of geometrically nec-
essary dislocations, leading to smaller KAM values and a
more uniform internal strain/stress distribution [47]. Previ-
ous investigation have also reported that residual stress in
LPBF components increases with the magnitude of thermal
gradients, which supports this interpretation [8]. Variations
in crystallographic texture can be further understood from
differences in heat flow directionality and temperature gra-
dient. The line scanning promotes competitive growth along
the primary heat flow direction with a higher temperature
gradient, producing a pronounced texture, whereas island
based strategies create multidirectional heat flow and lower
temperature gradient that disrupts preferential grain growth
and weakens texture development [20]. These findings dem-
onstrate that the CNN-GA based optimisation framework
enables microstructural control through thermally driven
and physically interpretable mechanisms.

5 Conclusive summary

The main findings of this study are summarised below:
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i. The integrated CNN-GA framework effectively opti-
mised island-scanning strategies by regulating the
spatiotemporal temperature field during laser powder
bed fusion. By predicting spatiotemporal temperature
fields with the CNN and iteratively refining scanning
sequences through the GA to achieve targeted regula-
tion. The optimisation process exhibited clear conver-
gence, with the dimensionless thermal gradient cost
parameter stabilising around 90 after 150 iterations.

ii. The island scanning strategies significantly reduces tex-
ture formation compared to conventional line scanning
due to lower temperature gradient.

iii. This thermal regulation and management approach
demonstrated a reduction in temperature gradients and
refinement of microstructure through controlled cool-
ing rates, while lower KAM values observed under the
minimised temperature-gradient strategy. Compared
with conventional island printing, the maximised cool-
ing rate strategy reduced average thermal gradients by
17%, and the minimised temperature gradient strategy
by 50%. EBSD analysis confirmed that the maximised
cooling rate strategy refined grain size by 25%, while
the minimised temperature gradient strategy reduced
average KAM values by 26%, indicating lower residual
stress and local plastic strain.

iv. These results demonstrate that the deep learning-driven
framework provides a physics-informed and computa-
tionally efficient route for microstructure control and
residual-stress mitigation in metallic additive manufac-
turing that would otherwise require extensive and time-
consuming trial-and-error iterations.

Supplementary Information The online  version  contains
supplementary material available at https://doi.org/10.1007/s40964-0
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