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ABSTRACT

Laser nanofabrication with tightly focused ultrafast laser pulses enable versatile fabrication of arbitrary
two-dimensional (2D)/three-dimensional (3D) micro/nanostructures. Accurate positioning of the laser
focal spot is crucial, especially for high-resolution integrated devices in 2D materials, requiring precise
placement on atomically thin surfaces. However, uneven surfaces and surface tilt poses significant chal-
lenges. Existing methods to detect focal positions often involve complex setups with additional optical
components or sensors, achieving limited accuracy. This study introduces a machine learning-based
method to accurately detect the focal position during laser nanofabrication by analyzing the shape and
intensity of the laser focal spot. We compare four machine learning methods: rational quadratic
Gaussian process regression, kernel approximation least square, quadratic support vector machine, and
trilayered neural network. Our experiments show that trilayered neural network (TNN) method achieves
a detection accuracy of 257 nm (half the fabrication laser wavelength), surpassing the required accuracy
for tightly focused laser beam (typically larger than one wavelength). This method can map focal posi-
tions along the fabrication trajectory to compensate for surface roughness or tilt. Moreover, it can be
directly implemented in any laser nanofabrication system with a camera for in situ monitoring, without

requiring additional optical components, indicating broad applicability.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The advent of nanomachining has significantly integrated high-
performance optical components into daily life applications [1],
such as camera lenses and eyeglasses, and critical domains such
as aeronautics [2], electronics [3], and chemical and biological
fields [4]. Recent advance [5] in laser nanofabrication technology
have revolutionized the manufacturing process for optical devices
requiring surface pattern generation. Operating at a submicrome-
ter scale, laser nanofabrication enables the production of miniatur-
ized three-dimensional (3D) photonic devices [6]. Known for its
precision and programmability, 3D laser nanoprinting offers metic-
ulous control and positional selectivity [7]. This technique excels in
producing intricate patterns and complex geometries with unpar-
alleled precision, environmental friendliness [8], and flexibility [9].
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The adoption of laser processing methodologies has become a piv-
otal scientific approach, enhancing functional attributes and
uncovering novel properties in complex materials [10]. The versa-
tility of femtosecond laser technology spans micro/nanofabrication
methodologies [11,12], surface treatment modalities, structural
modifications [13], and controlled surface deformation [14]. Laser
nanofabrication precisely focuses controllable laser fluence into a
nanometric high-intensity focal spot to modify material properties
[15]. Accurately positioning this high-resolution focal spot is cru-
cial for the optimal laser beam and sample interaction, and is
essential for the quality, resolution, performance, and reliability
of fabricated patterns and devices. This is particularly critical for
photonic devices, whose performance is highly sensitive to minor
fabrication defects, requiring submicrometer precision.

Previous studies have developed methodologies for detecting
focal positions and calibrating focusing systems during laser writ-
ing processes. Implementations include focus-adjusting mecha-
nisms such as deformable mirrors [16], remote sensing [17], laser
focal point scanning [ 18], and laser micromachining [19]. However,
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these systems are often excessively complex or costly, making
them impractical for large-scale industrial production. Advanced
astigmatic principles such as dynamic scan detection [20],
extracted focusing error signal [21], and confocal point sensors
[22] have been explored; however, their high cost and inconsistent
results hinder their applicability in manufacturing environments
requiring large sample volumes and complex structural geome-
tries. Adjusting optical setups to prevent defocus during the laser
nanofabrication process is also considered unfeasible [23].
Recently, Xu et al. [24] introduced a machine vision technique,
using a charged-coupled device (CCD) camera to capture diffrac-
tion from light interacting with the workpiece surface to discern
focusing states. Despite its precision, this method faced drawbacks
such as low speed, non-real-time focus detection, and reliance on a
high numerical aperture (NA) objective. Recent advances in laser
manufacturing have increasingly incorporated neural networks to
enhance precision and efficiency. Deep neural networks (DNNs)
now detect fine-grained flaws in laser-fabricated materials by
learning layer-wise imaging profiles, improving defect identifica-
tion [25]. Additionally, artificial neural networks (ANNs) optimize
laser processing parameters [26] and predict outcomes in laser
micro-grooving [27] and engraving, providing accurate estimations
of qualitative characteristics during fabrication [28]. Moreover,
recent advancements have incorporated machine learning tech-
niques in processing high-resolution images from scanning elec-
tron microscopy (SEM), improving the fabrication fidelity of
integrated nanophotonic devices [29,30]. Polat et al. [31] applied
an advanced convolutional neural network (CNN) technique to dis-
cern surface focus, surpassing the conventional Gaussian fitting
approach. However, their detection accuracy (+5 pm) does not
meet the stringent requirements of nanofabrication processes.
While these methods detect focal positions, some rely on complex
setups with additional optical components or sensors without real-
time processing [18,21,24]. Other works are in real-time but with
limited accuracy [17,31]. Therefore, there is an urgent need for a
cost-effective focus distance detection system that enhances pro-
duction efficiency and quality in laser nanofabrication, combining
high accuracy and fast speed.

This study addresses the high sensitivity of the focal spot shape
to the focal position during laser nanofabrication by proposing a
machine learning-based method to accurately identify the focal
position through analysis of the laser focal spot shape. Four
machine learning techniques are examined and compared: rational
quadratic Gaussian process regression (RQGPR), kernel approxima-
tion least square (KALS), quadratic support vector machine
(QSVM), and trilayered neural network (TNN). The final results
demonstrate detection accuracy of a tightly focused laser beam
that exceeds fabrication accuracy. This method allows for the map-
ping of focal positions along the fabrication trajectory, enabling
accurate compensation for surface roughness or tilt during laser
nanofabrication. Importantly, this approach can be integrated into
any laser nanofabrication system with a monitoring camera, with-
out requiring additional optical components. Thus, the proposed
methods can be broadly applied in the laser nanofabrication
process.

2. Experimental setup and data acquisition

Fig. 1 illustrates the schematic of a laser nanofabrication sys-
tem, while Fig. 1(b) presents simulated and experimentally cap-
tured images that exhibit distinguishable shape changes at
various focal positions (detailed simulation and experimental
images are provided in Figs. ST and S2 in Appendix A). These
images offer real-time feedback on the position of the focal plane
relative to the sample. Although laser-written features serve as
post-process verification, the primary method for determining

201

Engineering 57 (2026) 200-209

the in-focus position depends on the shape and intensity of the
focal spot observed in the captured images, ensuring proper sam-
ple alignment before fabrication. Fig. 1 also illustrates the focal dis-
tance (FD), defined as the difference between the current focus
position and the ideal in-focus position. The in-focus region is
identified based on the captured images of the laser focal spot
reflected from the workpiece surface. Conversely, the P-defocus
region indicates that the focal spot is above the sample surface,
while the N-defocus region signifies that the focus point is below
the sample surface. In either defocus state, the laser energy cannot
be fully transferred to the sample surface, thereby compromising
writing quality or causing failure. The simulated results based on
vectorial Debye diffraction theory are depicted in Fig. S3 in Appen-
dix A.

Fig. 1 illustrates the experimental setup of the laser nanofabri-
cation system under investigation, which includes a laser source,
beam splitter, beam expansion apparatus, shutter mechanism, mir-
rors, objective lens, and XYZ positioning stage. The laser beam is
expanded via a beam expansion system to produce a substantially
planar wavefront. This expanded beam is then directed through an
objective lens with an NA of 0.8 and projected onto a complimen-
tary metal-oxide-semiconductor (CMOS) camera (XIMEA
MCO50MG-SY, Ximea, Germany). This study employs a commercial
laser nanoprinting system (NanoPrint3D, Innofocus, Australia). The
femtosecond fabrication laser operates at a wavelength of 800 nm,
a pulse repetition frequency (PRF) of 1000 Hz, and a pulse width
(PW) of 400 femtoseconds. Key fabrication parameters, such as
output power and scanning speed, were set at 0.2 UW and
30 pumes~', respectively. The fabrication lens used in this study
was the Olympus plan N 50x oil immersion objective (Olympus,
Japan). Fabrication procedures were recorded as videos using a
CMOS camera, which features both color and monochromic sen-
sors and operates at a frame rate of 23 frames per second (FPS)
with a resolution of 5 megapixel (MP) (i.e., 2464 x 2056 pixels).

In laser nanofabrication systems, a CMOS camera is extensively
used for real-time monitoring of the writing process. The camera
captures live images as the laser beam scans across the material,
facilitating the fabrication of 3D structures. Its primary functions
include tracking the position of the laser beam and assessing the
writing quality. During the writing procedure, the camera continu-
ously captures images of the material under the laser beam expo-
sure. Fig. S2 illustrates the measured focal intensity distribution at
different positions. The figure shows that the adjacent images are
highly similar, making them difficult to distinguish. The control
software analyzes these captured images to evaluate the planar
position of the laser beam, enabling fine-tuning of the movement
of the positioning stage to construct the desired structure. This
iterative feedback loop ensures accuracy and precision in the fab-
ricated structure.

In this research, graphene oxide (GO) is utilized as the monoele-
ment 2D material for fabrication. GO, a graphene-based material
with oxygen-containing functional group [32], has a thickness of
200 nm for various integrated photonic applications. The thickness
of the GO film can influence the accuracy of position recognition
during laser nanofabrication due to light-matter interaction. Since
the thickness of the GO film is smaller than the full width at half
maximum (FWHM) of the focal sport along the Z-axis, reflections
from the interfaces between the cover glass and GO, and GO and
air, are expected. The resulting intensity is the sum of the intensi-
ties from these two interfaces, affecting the detected intensity dis-
tributions. The high absorption of GO at the detection wavelength
means thicker film results in higher absorption and lower light
reflection. A thickness of 200 nm is chosen as it is optimal for fab-
ricating GO lenses [33], allowing accurate position detection. The
structural fabrication profile is an Archimedean spiral with 499
fabrication points, creating a pattern on the GO film. To generate
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Fig. 1. Schematic of a laser nanofabrication system with machine learning-enabled real-time position recognition during fabrication. (a) Schematic of the laser
nanofabrication system. (b) Simulated and experimentally captured images. N-defocus indicates the focal point below the sample surface, In-focus indicates the sample at the
optimal focal position for clear laser pattern delineation on the fabrication material, and P-defocus indicates the focal spot above the sample surface. GO denotes graphene

oxide.

comprehensive data covering both in-focus and defocus situations,
the sample is mounted on a surface with a 7° inclination.

3. Methodology

This section discusses the methods of image processing, data
labeling and data splitting, which may affect the performance met-
rics of the FD detection model.

Image resizing is crucial for discarding unnecessary information
from raw images or maintaining consistent image sizes from cam-
eras with varying resolutions. It significantly reduces processing
time. However, no universal resizing method guarantees optimal
performance; trials are often necessary. Occorsio et al. [34] demon-
strated that the bicubic interpolation (BIC) method offers a satis-
factory trade-off between image quality and processing time
compared to non-adaptive methods such as bilinear and nearest
neighbor approaches. The BIC method calculates a weighted aver-
age of the four nearest pixels to determine one unknown pixel
value, as depicted in Fig. S4 in Appendix A. Hence, our study
employs the BIC resizing method and conducts a comparative
study to identify the optimal resizing factor.

Data labeling involves assigning relevant and descriptive labels
to data sets, a crucial annotation process that provides contextual
information for machine learning models to learn effectively. In
this research, the labels of interest are FDs measured in microme-
ters. Approximately half of the labels can be obtained using posi-
tion sensors through careful experimental design during data
collection. However, the number of collected data sets exceeds that
of the unknown labels. To address this, a data interpolation tech-
nique is used to construct the unknown labels based on the two
adjacent known labels.

Data interpolation is a fundamental technique in both machine
learning and computer vision, primarily involving the use of exist-
ing data to reconstruct missing data. This facilitates the creation of
a comprehensive data set for subsequent analysis or training of
machine learning models. This proactive step helps mitigate biases
from incomplete data sets and potentially enhances model accu-
racy. Among interpolation methods, linear interpolation estimates
values for points lying between two known data points on a
straight line. This method calculates an estimated value at an inter-
mediate point by computing a weighted average of the two known
data points and is simple to implement. Consequently, this study
employs the linear interpolation method to compute the unknown
labels.

Data splitting involves partitioning a data set into distinct sub-
sets for training and testing a machine learning model. There is no
universally optimal split ratio for training and testing data; the
appropriate split ratio depends on the specific nature of the prob-
lems and data sets. Therefore, conducting experiments with vari-
ous split ratios, along with different configurations such as image
resizing and region of interest (ROI) size is crucial, to determine
the most suitable combination of image pre-processing.

4. Results and discussions

This section presents the results of data processing and compar-
isons of four regression models. The subsequent sections follow the
procedural flow depicted in Fig. S5 in Appendix A. The initial image
processing step involves image resizing and selecting the ROI to
extract image pixel intensity values as input features for a regres-
sion model to detect the FD. In addition, the split ratio between
training and testing data are studied to optimize the regression
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models for the best detection performance. This research compares
four selected machine learning regression algorithms to evaluate
the best-performing model in Fig. S6 in Appendix A, and finally,
the trained models are applied for real-time FD detection.

The data set consists of 1516 images acquired during a fabrica-
tion process, with the sample placed on a surface at a 7° inclination
to generate varying, pre-determined FDs for data labeling. This
setup indicates variations in FD across both in-focus and defocus
region.

Fig. S7 in Appendix A examines various resizing factors and ROI-
area percentages about detection accuracy and time to determine
the optimal resizing factor and ROI size for regression models.
Specifically, Fig. S7(a) compares detection accuracy among differ-
ent resizing factors and ROI-area percentages. The x-axis repre-
sents the ROI-area percentage, defined as the selected ROI area
divided by the entire image area, while the y-axis denotes the root
mean squared error (RMSE) values of detection. Smaller ROIs result
in underfitting and low accuracy, as the model may fail to capture
important features in the images. For instance, with a 1% ROI-area
percentage, the RMSE value for detection accuracy is as high as
1.8 um. Conversely, excessively large ROI-area percentage can lead
to overfitting, and deteriorating detection accuracy because the
model fit only the training data rather than generalizing to new
data. Additionally, a larger ROI area increases detection time due
to expanded observation features, as shown in Fig. S7(b).

Based on the above comparisons and analysis, a resizing factor
of 0.2 provides the best balance between detection accuracy and
processing time. Consequently, the input images were resized from
their original dimension of 1024 x 1024 to 205 x 205 pixels. In
addition, an ROI-area percentage of 6.2% resulted in the lowest
RMSE value for detection accuracy. Thus, an ROI size of 51 x 51 pix-
els was selected and is shown in Fig. S8 in Appendix A. For compar-
ison, Fig. S8 also illustrates various ROI sizes to visualize their
coverage of the laser spot feature relative to the entire image area.

As previously mentioned, 1516 data sets were collected, but
only 499 have corresponding from the known fabrication profile.
The remaining data sets were labeled with their corresponding
FDs using linear interpolation, as shown in Fig. S9 in Appendix A.
The subsequent subsection will present the cases of data split
ratios studied in this research and the detection results to deter-
mine the optimal split ratio between training and testing.

To evaluate model performance, four metrics are employed:
mean absolute error (MAE), RMSE, coefficient of determination
(R?), and mean prediction speed (MPS). Specifically, MPS refers to
the average time taken to process real-time observations by a
trained model. MPS will be used to assess the efficiency and speed
of FD detection, which is crucial for real-time defocus calibration in
the control system.

_ Sy
MAE = N (1)
SN (% — y,)?
RMSE = # 2)

Y (Xi - ’2) (yi - }7)

R* =
N\ 2 N\ 2
V(1) ()
N
ZIN:I £
where N is the number of observations, x; is observation values, y; is

predicted values, and t; is the prediction time. i € N*, x denotes the
mean of the observation values, and, y denotes the mean of the

MPS = (4)
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predicted values. RMSE is measured in micrometers (pum), and
MPS is expressed in observation per second (obs-s™1).

The processed data sets were used to train the four regression
models: RQGPR, KALS, QSVM, and TNN (detailed explanation in
Note S1 and Table S1 in Appendix A). To mitigate overfitting or
underfitting and enhance model robustness, the K-fold cross-
validation technique was applied, where K denotes the number
of data partitions. With K = 5, this technique randomly partitions
the data sets into five equally sized folds, using one subset as the
test set and the remaining four as training sets. The training and
testing processes for each regression model were then conducted.
The experimental results are compared and summarized in Fig. 2.

First, the data split ratios between training and testing, listed in
Table S2 in Appendix A, are studied. For training accuracy, Figs.
2(a), (c), and (e) shows that RMSE and MAE values increase as
the ratio of training data decreases. Similarly, R* values approach
unity as the volume of training data increases. Conversely, the test-
ing results in Figs. 2(b), (d), and (f) indicate that RMSE and MAE
metrics reach their minimum with approximately 10%-15% testing
data. Increasing the training data ratio results in a decrease in R?
values. Notably, the 15% testing data ratio under the TNN model
yields the best RMSE, MAE, and R? results. For detection speed,
the 85%-15% data split ratio exhibits the fastest processing speed
in the KALS and QSVM models. Consequently, the 85%-15% data
split ratio is selected, corresponding to 1289 images for training
and 227 images for testing.

Next, the results in Fig. 2 summarize the training and testing
accuracy achieved by each regression model. For training results,
the KALS model has the largest RMSE (0.8324) and MAE (0.6099),
while the TNN model shows superior performance with the small-
est RMSE (0.3427) and MAE (0.2437). The TNN model also exhibits
an R? value of 0.97 (close to the ideal value of 1), indicating robust
detection accuracy. Regarding detection speed, which is crucial for
real-time systems, the KALS method is time- and memory-
intensive, resulting in relatively slow detection. In contrast, the
TNN model achieves the highest detection speed with an MPS of
1000 obs-s~'. According to the testing results, the KALS model pre-
sents the largest RMSE (0.6842) and MAE (0.5290). Conversely, the
TNN model again outperforms others, achieving the smallest RMSE
(0.2566) and MAE (0.1857), and the best R? value of 0.98. Notably,
the detection accuracy of our method surpasses the Rayleigh
length (1.269 pm) of the focused beam (detailed calculation in
Note S2 in Appendix A). These results are based on 15% of images
from the data set as testing data. In conclusion, based on the eval-
uation of performance metrics, the TNN regression model performs
the best in this study.

The trained TNN model comprises fully connected layers with
10 nodes each, represented by a 1 x 3 row vector. ReLU functions
[35] are applied as activation functions for these layers. Predictor
means and standard deviations are indicated as 1 x 1024 row vec-
tors. The learned layer weights are encapsulated in a 1 x 4 cell
array. The first input layer contains a 10 x 2601 matrix, while
the second and third layers feature 10 x 10 matrices. The final out-
put layer comprises a 1 x 10 vector for calculating the FD detection.
Additionally, the TNN model includes layer biases, with hidden
layer biases represented by 10 x 1 vectors and the final layer bias
as a scalar.

To compare and verify the robustness of the four trained regres-
sion models under real conditions, new data sets comprising 1517
images were acquired using the same working configuration. These
images were collected from data sets where the sample was placed
on a surface at a 5° inclination.

A statistical analysis of the data set using a box plot is depicted
in Fig. 3, where the FDs on the x-axis are segmented into 13 groups
with 0.5 pm intervals within the in-focus region of +3 pm. The y-
axis indicates the variation of detection errors concerning the FD.
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Fig. 2. Comparisons of performance metrics versus data split ratio between training and testing: (a, c, e) training accuracy; (b, d, f) testing accuracy; (g) detection speed. The
ratio 90%-10%, 85%-15%, 80%-20%, and 75%-25% represents the percentage splits between training and testing data, such as 90%-10% indicating 90% training and 10% testing

data.

The plot reveals that the accuracy of the KALS model decreases as
the FD increases. When the FD exceeds +2 pm, the whiskers
extend, indicating a wider spread of the middle 50% of detection
errors. Additionally, both the RQGPR and QSVM models exhibit a
wider span of detection errors when the FD is between +0.5 pm
to +2.5 um. Conversely, the TNN model achieves the smallest span
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of detection errors within #1.5 pm when the FDs vary within
+3.5 um. Furthermore, the detection errors in the TNN model dis-
play more condensed boxes, suggesting more uniform and reliable
performance compared to the others.

Nevertheless, performance limitations are evident in all regres-
sion models, particularly when the FD deviates in P-defocus (below
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—2 pm) or N-defocus (above +2 pm), leading to laser defocus and
fabrication failures. Poor fabrication quality can damage the target
sample. At these extreme FDs, the intensity of the focal spot is sig-
nificantly low and blurred, limiting the information that can be
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extracted. Therefore, it is more meaningful to consider detection
accuracy within the in-focus region. Fig. 4 shows detection error
counts for the in-focus region within +2 pm among 1075 images.
The x-axis denotes detection error, and the y-axis indicates the
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Fig. 3. Comparison of FD detection errors: (a) RQGPR, (b) KALS, (c) QSVM, and (d) TNN.
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Fig. 4. Detection error counts within the in-focus region (+2 um): (a) RQGPR, (b) KALS, (c) QSVM, and (d) TNN.
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count of detection error in each bin. Symmetric distributions cen-
tered at O pm are observed across all figures except KALS, which is
skewed to the right with its peak count at +0.6 pm. The RQGPR and
QSVM models display lower detection error counts compared to
TNN in the in-focus region. In contrast, TNN provides the highest
counts, with more than 200 counts at zero detection error. Addi-
tionally, most detection errors fall within 0.4 pm, which is much

Engineering 57 (2026) 200-209

smaller than the required fabrication accuracy of a tightly focused
laser beam, indicating high precision and repeatability. Therefore,
TNN FD detection is suitable for the nanofabrication of femtosec-
ond lasers.

Fig. 5 presents the FD detection results, where asterisk lines
indicate the detected FD and green lines indicate the actual one.
KALS exhibits the largest detection error amplitude, with an RMSE
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Fig. 5. FD detection results under four regression models. The sample is placed on a surface at a 5° inclination (green line), and the detected FD is indicated by asterisk lines.
The left images are 3D plots, and the right images are 2D plots: (a, b) RQGPR, (c, d) KALS, (e, f) QSVM, and (g, h) TNN.
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Fig. 6. SEM images of machine learning prediction for data compensation at low magnification and high magnification. (a) Before compensation at low magnification;
(b) after compensation at low magnification; (c) before compensation at high magnification; (d) After compensation at high magnification.

Table 1
Comparisons of detection accuracy between RQGPR and TNN.

Data set Angle of inclination (°) Number of images RMSE Improvement by TNN
RQGPR TNN

1 3 1987 0.8792 0.6917 21%

2 5 1938 1.0225 0.6462 37%

3 5 1301 1.1051 0.7833 29%

4 5 1316 0.8209 0.7651 7%

5 5 1517 0.7133 0.4888 31%

6 5 1220 0.7623 0.6083 20%

7 8 1315 1.0138 0.7580 25%

value of 0.8435. Both RQGPR and QSVM display larger detection
errors within +2 pm compared to TNN, particularly when the FD
deviates within the N- or P-defocus regions. The RMSE values for
RQGPR and QSVM are 0.7133 and 0.7162 pm, respectively. Con-
versely, TNN demonstrates the best performance, with the smallest
RMSE of 0.5034 pm.

In conclusion, TNN exhibits the highest detection accuracy, fol-
lowed by RQGPR, which slightly outperforms QSVM, while KALS
shows the poorest performance. The SEM images of data compen-
sation using machine learning in a GO sample are presented in
Fig. 6. Fig. 6(a) generated without compensation, shows an incom-
plete structure with out-of-focus left and right sides, rendering it
unable to interact with materials. This structure is considered a
failure in device fabrication. Conversely, Fig. 6(b) shows a more
uniform and high-contrast structure produced with compensation
due to the strong interaction between the laser focus and the mate-
rial. The fabricated area is properly reduced, displaying high con-
ductivity (bright part in the SEM image), resulting in very high
contrast. This structure can function as a functional orbital angular
momentum (OAM) GO lens [36], highlighting the improvement in
accuracy when utilizing machine learning prediction for data com-
pensation technology during the patterning process. Additionally,
Table 1 outlines all the detection accuracy results from 10 594
images between the two closely performing models, RQGPR and
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TNN, where the data sets are collected under additional working
conditions with different angles of inclination of the sample. It is
concluded that the TNN model outperforms the RQGPR model by
an average improvement of 24% in FD detection accuracy concern-
ing RMSE values. Therefore, the trained TNN model is regarded as
the most suitable FD estimator.

5. Conclusion

This study offers a comprehensive analysis of machine learning
regression models that incorporate image processing algorithms
with fabrication data in the laser nanofabrication process. The
research examines the impact of key parameters designs, such as
the resizing factor of the input image, ROI size, and the data split
ratio between training and testing, to optimize detection accuracy
and efficiency. Comparative analysis indicated that a resizing fac-
tor of 0.2 and an ROI size of 51 x 51 pixels yielded the best perfor-
mance, characterized by the lowest RMSE and detection time.
Additionally, the optimal models evaluated—RQGPR, KALS, QSVM,
and TNN—TNN demonstrated superior performance. Specifically,
the TNN split ratio of 85%-15% between training and testing data
resulted in superior performance metrics. Among the four regres-
sion model achieved the smallest RMSE of 0.3427 um and MAE
of 0.2437 pm for training data, and RMSE of 0.2566 pm and MAE
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of 0.1857 um for testing data. Furthermore, the TNN model
attained the highest R? value of 0.98 for testing data and the high-
est MPS of 1000 (obs-s~!). Statistical analysis confirmed that the
TNN model provided the most reliable detection within the in-
focus region of +2 pm.

Based on the findings, the TNN model emerges as a promising
FD estimator for future research, particularly regarding the devel-
oping automatic focus calibration systems in laser nanofabrication.
This advancement could substantially enhance the monitoring and
control of laser FDs, thereby ensuring the fabrication quality across
a broad spectrum of applications in laser nanofabrication.

In addition, this high-precision FD detection technique can be
applied to other 2D material nanofabrication systems and large-
scale laser fabrication, which demand high accuracy and repeata-
bility [37]. Furthermore, it can be utilized for various types of laser
machining, including picosecond (PS) and nanosecond (NS)
machining. Without requiring additional optical components, this
method can be directly integrated into laser nanofabrication sys-
tems equipped with cameras for in situ process monitoring, aiding
in dynamic focus adjustment and enabling exceptionally rapid
decisions. The next step involves feeding the motorized stage with
FD detection results and adjusting the focal spot through feedback
control, thereby creating a real-time autofocusing mechanism for
the laser nanofabrication setup.
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