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Abstract

To address the difficulty in continuously and accurately quantifying the time-dependent
damage size of targets under coupled laser—tangential airflow action, this paper proposes a
piecewise exponential damage inversion modeling method combining deep learning and
physical driving. A synchronous laser-tangential airflow experimental platform is built,
and 0-5 s damage time-series images are collected to construct a dataset. The YOLO26
real-time visual detection network is selected to realize automatic identification of ablation
molten spot regions, with model precision of 0.984, mAP@0.5:0.95 = 0.966, and single-
frame inference time of 27.6 ms. Relying on a self-developed visual interactive program,
batch time-series image automatic recognition and size conversion are completed, and
1.6-5.0 s is determined as the reliable quantitative interval. Based on the effective data
in this interval, the competitive coupling effect between airflow shear-induced melting
enhancement and convective cooling is analyzed. A piecewise exponential evolution model
containing a quadratic modulation term of tangential airflow is constructed, which well
describes the three-stage nonlinear law of damage “initiation-expansion-stabilization”.
A genetic algorithm is used to complete global parameter fitting under multiple working
conditions. The average relative errors of the model for damage length and width are both
lower than 2.1%, RMSE is less than 0.7 mm, MAE is less than 0.52 mm, and R? is higher
than 0.994. This work can provide a theoretical basis and technical scheme for quantitative
time-series analysis of damage in metal targets irradiated by high-energy lasers.

Keywords: laser ablation; tangential high-speed airflow; YOLO26; automatic quantification
of temporal images; damage inversion

1. Introduction

Laser is a special light source generated based on the principle of stimulated radiation,
with core optical characteristics such as extremely high brightness, strong directivity,
excellent monochromaticity and high coherence [1]. Relying on excellent beam regulation
performance, laser technology has been widely applied in the field of material processing,
covering process scenarios such as cutting, drilling, ablation and photolithography [2].
When high-energy laser irradiates metal targets, incident light energy is rapidly converted
into thermal energy, inducing a series of multi-scale complex thermophysical behaviors
such as material temperature rise, melting, gasification and melt sputtering [3]. If tangential
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high-speed airflow acts synchronously on the target surface, airflow shear force will drive
directional migration of molten pool melt to form asymmetric accumulation morphology,
thereby significantly changing the geometric shape of ablation pits and the dynamic law of
damage expansion [4,5]. Under this thermal—fluid-solid multi-field coupling system, only
by accurately obtaining continuous time-series evolution data of material laser damage
under different intensities of tangential airflow can the coupling mechanism between
airflow and laser be quantitatively analyzed, providing support for rapid quantitative
evaluation of laser damage capability.

However, laser—airflow coupled damage is a typical thermal-fluid—solid multi-field
coupling problem, and its internal temperature field, flow field and molten pool evolution
are difficult to observe directly. In terms of numerical simulation, the thermal-fluid—solid
coupled calculation model has strong dependence on mesh division, boundary constraints
and material physical parameters, and the simulation computing cost is huge, which can-
not meet the engineering requirements of batch rapid evaluation of multiple working
conditions [6,7]. At the experimental measurement level, manual caliper measurement and
grayscale threshold segmentation rely on subjective intervention, with low batch process-
ing efficiency and large boundary recognition error, which cannot support quantitative
analysis of long-term evolution laws [8]. Therefore, automatic and high-precision damage
quantification means need to be introduced.

In recent years, deep learning target detection algorithms represented by the YOLO series
have provided a new path for automatic quantification of laser damage morphology [9,10],
but current relevant research still has key and systematic defects, which make it difficult to
support the core research demand of unified temporal prediction of damage under different
intensities of tangential airflow:

First, most detection schemes aim at a single static working condition, lacking sys-
tematic quantification of continuous time-series data under multi-subsonic and supersonic
airflow [11,12];

Second, target detection alone can only obtain the apparent damage size at a single
moment, lacking a standardized process for batch conversion and structured export of
complete image frames, making it difficult to establish a quantitative correlation model
between damage time-series evolution and different tangential airflow intensities [13];

Third, existing time-series prediction of laser damage mostly adopts single linear or
exponential functions, which cannot fully describe the piecewise nonlinear evolution law of
damage over time, and lacks modulation terms for different tangential airflow intensities,
making it difficult to realize unified prediction for different airflow conditions [14].

The root cause of the above shortcomings is that existing methods separate the two
links of “intelligent visual recognition” and “physical time-series modeling”. In view of
the above problems, scholars at home and abroad have carried out a large amount of
basic research from two paths of numerical simulation and experimental observation. In
terms of numerical simulation, Peng Guoliang et al. established a metal melt-through
calculation model coupled with airflow and laser [15]; Liu Xiaoying et al. explored the
influence of irradiation position on melt migration under subsonic airflow [7]; Huang
Yihui et al. confirmed that high-speed airflow reconstructs the target temperature field
through convective heat transfer [8]; Zhang Xiaoteng et al. clarified the joint decisive effect
of airflow velocity, laser power and irradiation duration [16]; Zhang Jialei et al. constructed
a thermal-mechanical coupling simulation framework [17]. In terms of experimental
observation, Yuan Chun et al. confirmed that airflow condition is the core variable of
damage expansion rate [18]; Zhang Jianmin et al. revealed the regulation mechanism of
tangential airflow velocity on thermal damage behavior [19]; Chen Geng et al. revealed the
strong coupling relationship among laser power density, airflow velocity and irradiation

https://doi.org/10.3390 /photonics13100901


https://doi.org/10.3390/photonics13100901

Photonics 2026, 13,901

30f22

time [20]. Although the above research has accumulated rich achievements, the extraction
of damage size in experiments still highly relies on manual work or traditional algorithms,
making it difficult to stably obtain high-precision, long-term and batch-continuous damage
evolution datasets. Meanwhile, inverting time-series evolution only by surface morphology
is a typical nonlinear parameter inversion problem, which has strict requirements on model
structure and parameter identification algorithm.

The 7075 aluminum alloy, as a typical representative of Al-Zn-Mg—Cu ultra-high-
strength aluminum alloys, has high specific strength, good machinability and excellent
stress corrosion resistance and is widely used in key load-bearing parts such as aerospace
vehicle skins, structural parts and landing gear. Under intense laser irradiation, this material
exhibits prominent thermal damage behavior due to its relatively low melting point (about
635 °C) and relatively high thermal conductivity (about 160 W/(m-K)) [21]. It is a typical
target material in laser irradiation damage assessment. Therefore, selecting 7075 aluminum
alloy to carry out laser damage time-series research under tangential airflow coupling can
provide representative experimental data and theoretical basis for laser protection and
damage assessment of aviation aluminum alloy materials.

Based on the above, this paper takes the whole process of damage evolution of 7075 alu-
minum alloy irradiated by coupled tangential high-speed airflow and high-energy laser as
the research object and proposes a dynamic damage time-series prediction method integrat-
ing YOLO26 target detection and a piecewise exponential physical model. YOLO26 adopts
a RepCSP reparameterizable backbone and a BiC bidirectional feature fusion structure [22].
While maintaining real-time inference speed, it significantly improves the detection accu-
racy of multi-scale targets. Compared with YOLOv7 and YOLOv6, YOLO26 has improved
target boundary localization accuracy and is more suitable for accurate extraction of ir-
regular molten pool contours. YOLO26 removes the traditional DFL module and adopts
direct scalar L1 regression for bounding box localization, which has fewer regression range
limitations for large-scale and irregular targets [22]. Preliminary comparative experiments
show that on the same dataset, YOLO26 achieves a certain degree of improvement in mAP
compared with other YOLO models, while the inference speed is comparable.

Based on the above analysis, the main innovations of this paper are as follows:

(1) real-time automatic damage identification scheme based on YOLO26-M: the medium-
depth YOLO26-M real-time detection network is selected, combined with a self-
developed visual interactive program, to realize automatic batch extraction and
standardized export of time-series damage length and width data under different
tangential airflow intensities.

(2) based on high-precision time-series quantitative data, the nonmonotonic regulation
law of different tangential airflow intensities on damage evolution is revealed, and
the competitive coupling mechanism of airflow shear-induced melting enhancement
and convective cooling is discussed with indirect evidence such as microscopic com-
position characterization.

(8) piecewise exponential evolution model with tangential airflow modulation term: a
three-stage piecewise exponential function is designed, the quadratic term of tangen-
tial airflow intensity is introduced as a global modulation parameter, and a genetic
algorithm is adopted to realize unified global fitting under multiple working condi-
tions, establishing a quantitative prediction relationship between tangential airflow
intensity and time-series damage size.

The overall technical route of this paper is shown in Figure 1.
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Figure 1. Integrated research flow of laser damage temporal prediction.

Following the progressive research idea of “experimental database construction—
intelligent quantification—mechanism analysis—model fitting—comparative verification”:
Rely on the coupled test platform to collect multi-Mach time-series damage images and
construct datasets; use YOLO26 and self-developed visualization tools to obtain standard-
ized time-series size data through batch conversion; reveal the competitive coupling effect
of airflow shear and cooling and three-stage damage evolution characteristics based on
quantitative results; construct a piecewise exponential model with tangential airflow mod-
ulation, and adopt a genetic algorithm for parameter fitting; clarify the applicable scope
of the method through comparison with traditional measurement methods, and form a
complete system for automatic quantitative prediction of laser damage.

2. Experimental Data, Image Dataset and Temporal Visualization
Processing Program

2.1. Acquisition of Experimental Data

Experimental data are mainly obtained by high-speed camera. The no-airflow com-
parative test and the airflow-coupled test adopt the same laser action conditions. The
laser parameters and target dimensions are directly given in this paper. The no-airflow
experimental data are derived from previous work [23], and their working conditions are
consistent with this test. The supersonic airflow condition experimental data are mainly
obtained through the device shown in Figure 2.

A continuous-wave fiber laser (wavelength 1080 nm; self-developed in our laboratory,
Mianyang, China) was used for laser irradiation, with an output power of 8 kW. After beam
transmission, the power reaching the target surface was calibrated to approximately 7.6 kW,
corresponding to a target surface irradiance of 1.08 kW /cm?; the beam mode was Gaussian.
The beam expander (self-developed in our laboratory, Mianyang, China) adjusted the laser
beam diameter to ®30 mm and aligned the center of the laser irradiation area with the
center of the target front surface. The laser incident angle was set to 5°, and the irradiation
time was 10 s. A laser power meter (self-developed in our laboratory, Mianyang, China)
covering the beam diameter range of the laser output was adopted, and its readings were
recorded synchronously upon laser activation to assist in determining the target breakdown
time and laser cut-off after penetration.
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Figure 2. Schematic diagram of in situ observation experimental system for target irradiated by
coupled tangential airflow and laser.

The target specimen was 7075 aluminum alloy with dimensions of 110 mm x 3 mm. The
surface was machined to Ral.6, and no blackening or coating treatment was applied before
the test. The specimen was fixed on one side inside the ventilation pipeline. Tangential
airflow was supplied by a high-pressure gas source system (self-developed in our laboratory,
Mianyang, China) with compressed air as the working medium. Four working conditions
were realized by adjusting the pipeline airflow velocity: 0 m/s, 510 m/s, 1020 m/s and
1360 m/s. The airflow temperature measured by a thermocouple at the pipeline inlet
was approximately 298 K (room temperature), and the airflow temperature remained
approximately consistent across all working conditions, with a variation within 10 K. TTo
maintain stable equipment operation, the water chiller (local manufacturer, Mianyang,
China) was set to a working temperature of 22.5 °C, mainly for cooling the fiber laser, beam
expander system and power meter.

For image acquisition and auxiliary monitoring, a high-speed camera (local manufac-
turer, Mianyang, China) was used for in situ imaging of the laser-irradiated target area
with the assistance of a supplementary light source. The sampling frequency was set to
10 Hz, and the recording duration was 30 s, mainly to monitor morphological changes on
the target front surface under laser loading and assist in determining the target breakdown
time. The supplementary light source (self-developed in our laboratory, Mianyang, China)
operated at 20,000 Hz for 30 s to compensate for the intense light emission generated by
the material during laser ablation and to improve the clarity of images captured by the
high-speed camera. Meanwhile, a thermocouple (local manufacturer, Mianyang, China)
with a measurement range of 0-1250 °C was attached to the center of the target back
surface.Back-surface temperature data were collected by a dynamic temperature acquisi-
tion system (self-developed in our laboratory, Mianyang, China) at a sampling frequency
of 10 Hz over 30 s, also to assist in determining the target breakdown time. During the test,
the laser, high-speed camera and data acquisition system were triggered synchronously
to ensure temporal consistency of all measurement channels. A calibration ruler (local
manufacturer, Mianyang, China) of known dimensions was placed on the target plane at
the same object distance for imaging calibration, and the pixel-to-millimeter conversion
coefficient k (unit: mm/pixel) was calculated for subsequent quantitative conversion of
damage size.
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In the experimental design, the laser incident angle was set to 5° to prevent reflected
light from propagating along the original optical path and damaging laser optical com-
ponents, which would occur under vertical incidence. Meanwhile, the effect of this small
angular deviation on the energy density distribution on the target surface can be neglected.
The tip angle of the model head was set to 15° to form a stable tangential airflow boundary
layer inside the ventilation pipeline, avoid large-scale flow separation or strong turbulent
pulsation upstream of the target and ensure uniform and steady tangential airflow on the
target surface. This work focuses on the rapid damage evolution in the early stage of laser
irradiation. Within 0-5 s, the damage morphology exhibits typical initiation, expansion and
early stabilization characteristics, which can fully reflect the damage evolution law under
airflow coupling. The effective quantitative interval was further restricted to 1.6-5.0 s: in
the interval of 0-1.6 s, the molten spot is tiny, the image signal-to-noise ratio is insufficient,
YOLO26 detection confidence remains below 0.5 and bounding box localization is unreli-
able; in contrast, within 1.6-5.0 s, the molten pool contour is clear and imaging is stable,
and detection confidence stays at a relatively high level, making this interval suitable as
the effective quantitative window for model parameter fitting.

Based on the above effective quantitative data, a time-series image data processing
program was developed (see Section 2.3 for details) to achieve automatic batch output of
the time-series damage length and width dataset.

2.2. Dataset Construction and Preprocessing

After obtaining images of the target damage process, Labellmg is used to manually
label damage areas under various working conditions, and rectangular bounding boxes
are adopted to describe the spatial range of damage areas. The dataset contains four
airflow working conditions (airflow velocities of 0 m/s, 510 m/s, 1020 m/s and 1360 m/s).
Multiple independent repeated experiments were carried out under each working condition.
Adjacent frames do not appear simultaneously in the training set or validation set. The
validation set and test set are divided by different frames to avoid dataset overlap.

The numbers of effective labeled images under each working condition are as follows:
240 frames for 0 m/s, 306 frames for 510 m/s, 138 frames for 1020 m/s and 306 frames for
1360 m/s, totaling 990 frames.

To avoid data leakage caused by random division of temporally continuous images,
this paper divides the dataset based on independent experiments rather than randomly
splitting single-frame images. The test set does not participate in model training and is only
used for final model performance evaluation after training. During the specific division, all
frames of the same experiment are ensured to appear only in the same data subset. After
dividing the independent experimental units at a ratio of 8:1:1, the training set contains
792 frames, the validation set contains 99 frames and the test set contains 99 frames. Each
subset contains samples of the four airflow working conditions to ensure the balance of
working conditions in model training and evaluation.

Before model training, preprocessing is carried out on original images, including image
screening, unified size adjustment, pixel normalization, label file matching and dataset
division. Image samples with serious blurring, occlusion, or unidentifiable damage areas
are eliminated; then, images are uniformly scaled to 640 x 640 pixels, and the consistent
mapping relationship between label box coordinates and image size is maintained. The
dataset division is shown in Figure 3. Figure 4 shows dataset labeling examples only for the
510 m/s airflow condition; the labeling process for other working conditions is consistent
with this example.

https://doi.org/10.3390 /photonics13100901


https://doi.org/10.3390/photonics13100901

Photonics 2026, 13,901

7 of 22

Training Set
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Figure 3. Target damage dataset (top: training set; middle: validation set; bottom: test set).
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Figure 4. Labeling of target damage process images.

2.3. Visual Interactive Temporal Image Processing Program for Targets

To solve the problems of low batch processing efficiency, strong subjectivity of bound-

ary identification and difficulty in structured export of time-series data of traditional

grayscale threshold segmentation methods, this paper develops a visual interactive time-

series image processing program based on PyQt5, integrating target detection, scale cali-

bration, size conversion and time-series data export functions, eliminating manual mea-

surement and manual recording steps and providing standardized time-series datasets for

damage evolution analysis and inversion modeling. The main interactive interface of the

program is shown in Figure 5.
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Figure 5. Image recognition interface of intelligent identification and inversion system for target
laser damage.

The interface is divided into five functional areas: image configuration, model loading,
calibration parameters, time-series control and execution operations. Users can indepen-
dently select the optimal YOLO26 weights, the folder of images to be processed and the
data output path. After importing a calibration image and inputting the actual size, the
pixel-to-millimeter conversion coefficient is automatically generated. The interface also
supports user-defined detection confidence thresholds and image acquisition time intervals
and includes a built-in abnormal data filtering function to automatically remove mutation
values without physical significance in time-series curves. The function buttons at the bot-
tom sequentially perform batch image recognition, scale coefficient inversion and damage
time-series parameter fitting so that the entire workflow of image quantification and model
fitting can be completed in a closed loop within the same interface.

The complete processing flow consists of four steps: the program reads time-series
images in batches in chronological order; YOLO26 is called to detect damage regions
frame by frame and output bounding box pixel coordinates and confidence; the calibration
coefficient is used to automatically convert the results into millimeter-level damage length
and width, and abnormal detection points are filtered out; finally, visualized images
with annotation boxes and CSV data tables storing damage size, time and confidence are
output synchronously.
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A complete set of laser—airflow coupled tests collects time-series image frames from 0
to 9.9 s, generating 99 frames at equal intervals of 0.1 s. In the early stage of the test, the
molten spot size is tiny and the image signal-to-noise ratio is low. Within the interval of
1.6-5.0 s, the molten pool contour is clear and the imaging is stable. Theoretically, 24 frames
can be collected in this interval. After filtering with the confidence threshold, 7 abnormal
samples caused by strong reflection and aerosol occlusion are removed, and 17 groups
of effective quantitative samples are finally obtained. This paper adopts an automatic
confidence threshold filtering strategy, marking frames with detection confidence lower
than 0.5 as invalid samples and removing them. The selection of this threshold is based on
statistical analysis of bounding box localization accuracy: when the confidence is lower
than 0.5, the localization deviation increases significantly. Among the 24 frames in the
effective interval of 1.6-5.0 s, 7 frames are removed by threshold filtering (mainly due to
strong reflection saturation and aerosol occlusion), and 17 effective samples are retained,
with a discard rate of approximately 29.2%. It should be noted that the discarded frames
are concentrated at moments with severe reflection and aerosol interference, where the
damage boundaries are also difficult to accurately identify by manual visual inspection.
Therefore, the filtering operation mainly removes measurement samples that are inherently
unreliable, rather than random discarding, and the risk of introducing selection bias is low.
Four irradiation moments of 1.6 s, 2.3 s, 2.8 s and 3.5 s under an airflow velocity of 510 m/s
are randomly selected to output annotated images, intuitively demonstrating the model
recognition effect. The detection and annotation results of key frames in the time-series
images are shown in Figure 6.

110mm

00mm 110mm 55mm 110mm

1.6s 2.3s

556mm

00mm 55mm 110mm

2.8s 3.5s

Figure 6. Visualization results of target detection for target damage at different irradiation moments.

It can be seen from the labeled images that the model uniformly identifies the laser
ablation molten pool as the “damage area” category, and the blue prediction box can well

https://doi.org/10.3390/photonics13100901


https://doi.org/10.3390/photonics13100901

Photonics 2026, 13,901

10 of 22

enclose the actual outer contour of damage, with reliable target positioning. Statistical
analysis is carried out on all quantitative results in the effective detection interval (not
limited to the example images in Figure 6): the damage length distribution ranges from
12.0 to 30.078 mm, and the damage width distribution ranges from 11.106 to 28.291 mm;
the average detection confidence of all quantitative frames in the effective quantitative
interval is 0.573, mainly because the interval covers the early and late stages of damage
evolution—the early molten spot is tiny and the edge is blurred, and the later melt splashing
causes boundary distortion, both leading to low detection confidence in some frames; after
automatic threshold filtering and manual review, 17 effective samples are retained, with
an average confidence of 0.93-0.97, and the highest detection confidence is 0.97. Figure 6
shows the detection results at four representative moments: 1.6 s,2.3s,2.8 sand 3.5 s.

Based on effective time-series quantitative samples, the scatter plots of damage length
and damage width under the working condition of 510 m/s are simultaneously plotted, as
shown in Figure 7.
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Figure 7. Scatter plot of damage size.

From the image trend and the composition change characteristics of the damage center
area, it can be inferred that the damage length and width in the interval of 1.6-5.0 s show a
stepwise rapid rise, with obvious jumps near 1.6 s and 2.5 s. In this stage, laser melting
plays a dominant role, and tangential airflow drags the molten metal to spread, promoting
continuous expansion of damage size. After 4.0 s, the growth of damage size slows
down significantly and gradually tends to saturation. It is inferred that the convective
cooling and melt stripping effects of high-speed airflow gradually take the advantage,
causing the liquid boundary of the molten pool to solidify rapidly and the surface melt
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Image Input

to splash away from the target. This inference is mainly based on the following indirect
evidence: first, the temporal variation of damage length and width presents a typical
“latency-step expansion-slow saturation” characteristic; second, previous microscopic
characterization results show that with the increase in airflow velocity, the aluminum
content in the damage center area decreases from 78.70 wt% to 61.08 wt% (indicating
that material is continuously stripped away), while the oxygen content increases from
7.46 wt% to 12.44 wt% (indicating that airflow enhances oxygen transport and oxidation
reaction) [23]. The time-series CSV data output by the processing program do not need
manual secondary correction and can be directly imported into the genetic algorithm
module to complete global parameter identification under multiple working conditions;
the program internally adopts a confidence threshold automatic filtering mechanism to
eliminate frames with blurred boundaries or abnormal detection, reducing subsequent
modeling errors. It should be noted that, limited by experimental conditions, this paper
does not directly measure the target temperature field and flow field under tangential
airflow. The above mechanism explanation is a reasonable inference based on indirect
evidence such as temporal morphology and composition characterization of the damage
center area and still needs to be verified by direct observation of thermal—fluid fields in
the future.

3. Intelligent Identification Method of Damage Area Based on YOLO26
3.1. Network Structure and Size Extraction Process

Based on YOLO?26 released by Ultralytics [22], the medium-scale detection network
YOLO26-M is adopted, and the overall network architecture is shown in Figure 8.
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Figure 8. Structure diagram of YOLO26-M target damage detection network.

The network is divided into three major modules: backbone, bidirectional feature
fusion neck and three-layer multi-scale detection head. The backbone adopts reparameteri-
zable RepCSP modules for layered downsampling, outputting three layers of multi-scale
features P3(80 x 80), P4(40 x 40) and P5(20 x 20) [22]; the neck adopts a BiC bidirec-
tional fusion structure, fusing shallow edge details and deep global semantics through
upsampling and downsampling branches; the three-layer detection heads are, respectively,
matched with tiny molten spots, medium ablation pits and large-area molten corrosion
areas and output target category, bounding box coordinates and confidence in parallel.
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Intersection over union calculation formula:

Area(B NB
IOU — ( pred gt) (1)
Area(Bpreq U Bgt)

where Bpeq is the network predicted damage box; Bgt is the manual labeled ground truth
box. An IOU threshold of 0.5 is used for mAP@0.5 calculation, and the mean over the
interval 0.5-0.95 is used for mAP@0.5:0.95 calculation. Both are used for model accuracy
evaluation. YOLO26 adopts a two-head end-to-end training mechanism, and the total
loss is dynamically weighted and fused by one-to-many dense branch loss and one-to-one
inference branch loss through a progressive loss strategy:

Liotal = a(i—L)LoneZmany + (1 - a(t))LoneZOne 2)

Lone2many is the one-to-many dense branch 10ss, Lonezone is the one-to-one inference
branch loss, and the weight coefficient d(¢) decays linearly with training epochs. Both
branches include classification loss L5, confidence loss Ly, and bounding box regression
loss. YOLO26 removes the traditional DFL module, and the bounding box adopts direct
scalar L1 regression without regression range limitation, which can improve the positioning
accuracy of large-scale and irregular molten pool targets.

Activation function SiLU [24]:

1

)

The batch recognition, size conversion and time-series data export of damage images
are uniformly completed by the visual interactive program described in Section 2.3. The
program integrates batch image import, model loading inference, damage box visual
rendering, pixel-physical size conversion and time-series data export functions. It can
synchronously display original damage images, labeled and predicted damage rectangular
boxes and real-time calculated pixel length and width of damage, eliminating repetitive
operations of manual reading and recording.

Let the horizontal pixel length of the detection box be [, the vertical pixel width
be wpixel and the spatial calibration coefficient of the high-speed camera image be k (unit:
mm/ pixel). According to the mapping relationship between pixel scale and actual physical
scale, the true length and width of the damage area can be expressed as:

L= lpixel Xk, W= Wpixel X k 4

Relying on the pixel-physical scale conversion relationship of Equation (4), combined
with the YOLO26 detection network and self-developed visualization tools, the automatic
batch output of time-series damage size can be completed, providing standardized datasets
for inversion modeling and standardized high-precision time-series datasets for analysis
of damage evolution laws under multi-Mach working conditions and parameter fitting of
piecewise exponential inversion models.

In summary, this paper uses rectangular detection boxes to characterize the damage
area size mainly based on the following considerations: in engineering rapid evaluation
scenarios, the length and width of the circumscribed rectangle of damage are effective
simplified indicators for measuring the spatial scale of damage; the YOLO series network
natively outputs rectangular bounding boxes without an additional segmentation head,
and the inference efficiency is higher, which can meet the needs of batch time-series
processing. Although the molten pool morphology is irregular, the horizontal and vertical
spans of the rectangular box can reflect the maximum extension size of damage in two
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orthogonal directions and are comparable to the “maximum length” and “maximum width”
measured by manual calipers. The damage length and damage width are defined as the
maximum spans of the detection box in the horizontal and vertical directions of the image
(see the annotation box in Figure 6), respectively, to characterize the spatial extension of
the damage area in two orthogonal directions. To verify the accuracy of rectangular box
measurement, 50 frames are randomly selected from the test set, and the rectangular box
size output by YOLO is compared with the manually labeled circumscribed rectangle size.
The average absolute deviations in length and width are 0.82 mm and 0.67 mm, respectively.
It should be pointed out that instance segmentation can obtain finer damage contours, but
its annotation cost and inference time are significantly higher than those of object detection;
considering the efficiency and economy in engineering applications, the object detection
method based on YOLO is still a more feasible technical approach for batch time-series
damage quantification.

3.2. Comparison of Models with Different Network Depths

To analyze the influence of network complexity on recognition performance and
inference efficiency, three types of models with low, medium and high network depths
are trained respectively, and precision, mean average precision (mAP) and single-image
prediction time are adopted as evaluation indicators. The results are shown in Table 1.
Model training and inference are completed on a fixed computing platform: Model training
and inference are completed on a fixed computing platform: Intel Xeon Gold 6248 CPU
(Intel, Santa Clara, CA, USA) @ 2.50 GHz, NVIDIA Tesla V100 GPU (NVIDIA, Santa Clara,
CA, USA) (32 GB memory), CUDA 11.8 (NVIDIA, Santa Clara, CA, USA), PyTorch 2.0.1
(Meta AI, Menlo Park, CA, USA).

Table 1. Training results of models with different network depths.

Inference Precision (IOU
Network Depth Time per Threshold mAP@0.5 Parameters Recall GFLOPs mAP@0.5:0.95
Image 50%)
Low 19.8 ms 0.981 0.983 21.776 M 09782  74.727 0.960
Medium 27.6 ms 0.984 0.986 26.179M 09772 93.127 0.966
High 47.1 ms 0.985 0.987 58.813M  0.9680  208.52 0.967

With the increase of network depth, detection accuracy and inference time increase
synchronously. Comparing the performance of the three types of networks, the low-depth
model has the optimal inference speed, but the precision and average precision indicators
are low; the high-depth model has a slight lead in detection accuracy, while the single-
frame inference time reaches 47.1 ms, with a significant increase in delay compared with
the medium-depth model and very limited accuracy gain. From low depth to medium
depth, the precision increases by 0.3 percentage points and mAP@0.5:0.95 increases by
0.6 percentage points, while the inference time only increases by 7.8 ms; from medium
depth to high depth, both precision and mAP@0.5:0.95 increase by only 0.1 percentage
points, while the inference time increases by 19.5 ms (an increase of 70.7%), and the number
of parameters increases by 124.7%. Considering detection accuracy, inference efficiency and
computational resource consumption, the medium-depth model achieves the best balance
among the three and is selected as the basic detection model in this paper.
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4. Construction of Damage Inversion Model
4.1. Model Form

The evolution law of the target damage area is as follows: in the initial stage, damage
has not yet started; in the middle stage, damage accumulates rapidly; in the later stage,
under the dominance of a new evolution mechanism, damage continues to grow and
gradually tends to stabilize. Based on this law, a piecewise exponential function is used to
describe the time-history evolution of damage area variables (length and width). When
t < to, D(t) = 0, corresponding to the material not yet having observable damage. In
the stage tp < t < t1, damage is triggered by initial disturbance and grows rapidly, and
an exponential approaching form is used to characterize its accumulation process. When
t > t1, damage enters the second stage, the system continues to evolve on the basis of the
previous damage and the exponential growth form is continuously used to characterize
subsequent damage expansion. To ensure the physical continuity of the model at the
piecewise nodes, the following continuity constraint is imposed: let D(tp) = 0, that is, the
damage size at the damage initiation time is zero (i.e., D(0) = 0). The initial value D; of
the second stage is not determined by independent fitting but is uniquely determined by
the function value of the first segment at t = 1, that is:

D = A; {1 - exp<—tl_t0)] ()

T

The above continuity constraint is imposed as a hard constraint in the genetic algorithm
fitting; Dy is fixed to 0 and does not participate in optimization; D; is calculated from
the parameters Ay, tg, t1, 71 of each generation and is not used as an independent fitting
parameter. This ensures that D(t) is continuous at both ty and t;. Furthermore, to reflect
the coupling effect of Mach number on the amplitude and rate of damage evolution, an
airflow modulation function is introduced:

(VM) =1+ aVy (6)

where V) is the tangential airflow intensity, and « is the influence coefficient of tangential
airflow intensity. ajength and ayyiqm are set for the length and width directions, respectively,
to reflect the difference in response of damage expansion in different directions to airflow
conditions. The piecewise damage evolution model can be expressed as:

Al - A10¢(VM) (7)
Ay = Agp(Vym) ®)
_ T
T 6 (V) ©)
T = 0 (10)
¢(Vm)
0, t <t
t—1tp
D(t) = Do—i—Al[l—exp(— o ﬂ, th<t<th a1
D1+A2[1—exp(—t;tl>}, t>h
2

All unknown parameters in the established piecewise damage evolution function have
clear and definite physical connotations: f( is the damage initiation time, i.e., the critical time
when the material transitions from an undamaged state to damage initiation under external
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action; t; represents the transition time when damage evolution enters the second stage
from the first stage, used to distinguish damage growth processes under different dominant
mechanisms. D(t) is the characteristic damage size corresponding to any irradiation time
t, which intuitively quantifies the degree of internal damage accumulation of materials;
Dy is the damage size at the piecewise critical time ¢t = t; and also serves as the initial
reference value for damage evolution in the second stage. A; and A; are the basic damage
growth amplitudes of the first and second stages, respectively, quantitatively characterizing
the severity of damage accumulation in the two stages; 71 and 1, are the characteristic
time constants corresponding to the evolution of the two segments in turn, which directly
determine the expansion rate of damage in each stage. The model introduces the tangential
airflow modulation function ¢(V)), which specifically describes the modulation effect of
airflow velocity change on damage evolution amplitude and evolution time scale.

The above complete set of parameters jointly constrain the damage initiation threshold,
piecewise node of evolution, piecewise growth amplitude and expansion rate, which can
completely reproduce the nonlinear evolution law of damage size over time under different
Mach airflow working conditions. The complete application process of the model is as
follows: after obtaining time-series measured data of target damage under multi-Mach
working conditions, the piecewise exponential function is combined with tangential airflow
modulation terms to fit the time-series curves of damage length and width synchronously;
combined with damage initiation time, piecewise transition time, piecewise growth am-
plitude, characteristic time constant and tangential airflow intensity, the length and width
of damage at any irradiation time can be directly solved, and the differential nonlinear
expansion mechanisms of the two stages can be quantitatively distinguished.

4.2. Global Parameter Identification Based on Genetic Algorithm

The piecewise exponential model contains multiple groups of coupled unknown
parameters, and its parameter inversion is essentially a nonlinear multi-parameter opti-
mization problem [25]. Traditional local linearization methods rely heavily on initial models
and easily make solution estimation fall into local minima of the objective function [26].
In contrast, a genetic algorithm is a nonlinear global optimization algorithm, which can
avoid the shortcomings of gradient-based methods and significantly improve the search
efficiency of model parameter space. Therefore, a genetic algorithm is adopted in this paper
to complete global optimization fitting of model parameters.

In data processing, the time-series curves of damage length and width are fitted
separately to solve the corresponding Mach modulation coefficients ajengin, and ayigen,
respectively; among them, the modulation term ¢(Vys) under the no-airflow condition
is taken as the benchmark evolution reference to calibrate the basic damage evolution
characteristics under no airflow. The Mach correction function is:

O =1+aVy (12)

Considering the randomness of the genetic algorithm, 30 independent optimizations
with different random seeds were carried out for each group of data, and the mean, standard
deviation and coefficient of variation (CV) of the fitting parameters were counted to evaluate
the stability and repeatability of the parameter identification results. To eliminate the
influence of data magnitude differences among different experimental groups on the global
parameter identification results, the normalized root mean square error (NRMSE) is used as
the fitting error evaluation index for a single group of data. The NRMSE of the j-th group
of experimental data is defined as:
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N; 2
1 ] th P D ..
NRMSE; = ,| — Y e (13)
N, ji=1 D exp,max,j — D exp,min,j

where N; is the number of sample points of the j-th group of data; Deyp,ij and Dy ;; are
the experimental value and model fitting value at the i-th moment in the j-th group of
experiments, respectively; Dexp max,j @1d Dexp,min,j are the maximum and minimum values
of the experimental data in this group, respectively.

On this basis, the weighted average of the NRMSE of all experimental groups partici-
pating in « parameter identification is used as the fitness function of the genetic algorithm:

F(“length/ “width) = m ] (14)
j=11j

The genetic algorithm takes the minimization of the fitness function as the
optimization objective:
minF(‘xlength/ “width) (15)

where m is the total number of datasets participating in « parameter identification; w; is
the weight of the j-th group of data.

In terms of algorithm parameter settings, the population size is set to 100, the crossover
probability is 0.80, the mutation probability is 0.05, and the maximum number of iterations
is 1000. An early stopping criterion is also added: when the relative improvement of the
optimal fitness for 100 consecutive generations is less than 1 x 1078, the iteration stops. The
parameter search boundaries are set according to the physical mechanism: ajengin € [0,20],
Xwidth € [0,20]. The parameter identification results after 30 independent optimizations
are shown in Table 2. The mean value of the length-direction modulation coefficient
Xlength 18 6.797235, the standard deviation is 0.785749458, and the coefficient of variation is
11.55984%. The mean value of the width-direction modulation coefficient a,;q4, is 19.39503,
the standard deviation is 0.385232437 and the coefficient of variation is only 1.986243%.
It can be seen that the parameter identification results in the width direction having
extremely high stability, while the stability in the length direction is slightly lower but still
within an acceptable range, indicating that the algorithm has good global convergence and
result repeatability.

Table 2. Parameter identification results and stability statistics of the genetic algorithm.

Index Mean Standard Deviation CV/%
Xlength 6.797235 0.785749458 11.55984
Kwidth 19.39503 0.385232437 1.986243

After the iteration process converges, the complete set of parameters such as damage
initiation time, piecewise transition time, piecewise growth amplitude, characteristic time
constant and Mach modulation coefficient are output, and then the optimal parameters
are substituted back into the piecewise evolution model to calculate the relative prediction
error, quantitatively evaluating the overall fitting accuracy. It should be pointed out that the
above evaluation can only reflect the goodness of fit of the model to known training data
and cannot characterize the generalization prediction ability of the model under unknown
working conditions. The core identification scheme of the genetic algorithm in this section
is summarized in Table 3.
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Table 3. Core settings of genetic algorithm parameter identification.

Item Core Settings Function Description

Handles multi-parameter
Global optimization using a nonlinear inversion and
genetic algorithm avoids gradient algorithm
local optima

Optimization Algorithm

Extracts Mach modulation
coefficients and normalizes
evolution benchmarks
across conditions

Separate fitting for length
Fitting Strategy and width, Vjs equals zero
as baseline

Time-series  normalized Reduces global error be-
Fitness Function tween predicted and mea-

RMSE sured damage dimensions

Real-number coding; Standardizes  parameter
Iteration Configuration predefined population search and trades off accu-
and iterations racy and computation cost

Filters invalid solutions and
ensures physically reason-
able evolution characteristics

Mechanism-restricted

Physical Constraints
parameter ranges

Evaluates model precision
and achieves time-series
damage prediction for
test conditions

Back-substitution test, in-
Verification & Application condition interpolation pre-
diction

5. Results and Discussion
5.1. Influence of Tangential Airflow Intensity on Damage Evolution

Different tangential airflow intensities synchronously regulate damage initiation time
and full-cycle expansion rate through dual competitive effects of airflow shear melting
enhancement and convective cooling inhibition [8,11]. The summary of damage sizes at
typical moments under multiple working conditions is shown in Figure 9.

From the perspective of damage initiation time, with the increase in tangential airflow
intensity, the nonzero time of damage length and width is advanced as a whole: damage
appears at about 1.4 s under the no-airflow condition, about 1.2 s under low-speed airflow,
about 1.1 s under medium-speed airflow and about 1.0 s under high-speed airflow. It
indicates that higher-velocity airflow can trigger surface material failure earlier.

However, damage expansion does not increase monotonically with tangential airflow
intensity. The length expansion under the high-speed airflow condition is faster in the early
stage, while the low-speed airflow condition shows stronger continuous expansion ability
after entering 3 to 5 s. At 5.0 s, the damage lengths are about 25.740 mm for no-airflow,
30.433 mm for low-speed airflow, 24.708 mm for medium-speed airflow and 19.134 mm
for high-speed airflow; the widths are about 24.073 mm, 26.268 mm, 19.248 mm and
19.659 mm, respectively. The results show that moderate airflow may be more conducive to
the coupling of thermal action and aerodynamic action, while stripping and carrying effect
of materials under excessively high-intensity airflow may inhibit continuous expansion in
the later stage. It should be particularly noted that the quantitative fitting and verification
interval of this model is strictly limited to 1.6-5.0 s. The damage initiation time of 1.0-1.6 s
does not come from the quantitative detection results of YOLO26. The damage initiation
time is based on the first visible melting sign on the target surface in the original high-
speed camera images, independently judged by visual inspection by experimenters and
averaged. It is used as a qualitative criterion and does not participate in the parameter
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fitting of the piecewise exponential model, nor is it used as an evaluation basis for model
prediction accuracy.
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Figure 9. Comparison of damage initiation and size at typical moments under different tangential
airflow intensities.

5.2. Fitting Results of Inversion Model

To quantitatively verify the fitting accuracy of the piecewise exponential model with
tangential airflow modulation term for damage time series under different working con-
ditions, the measured time-series data of damage length and width under each working
condition are substituted into the model, a genetic algorithm is adopted to complete unified
global parameter identification and the maximum relative error, mean relative error, root
mean square error (RMSE), mean absolute error (MAE) and coefficient of determination
(R?) corresponding to damage length and width of each group are calculated. The statistical
results are shown in Table 4.

From the error data in Table 4, the following conclusions can be drawn: first, the
mean relative errors of damage length and width under all working conditions are lower
than 2.1%, the RMSE is less than 0.7 mm, the MAE is less than 0.52 mm and the R? values
are all above 0.994, indicating that the model predictions are in excellent agreement with
the measured values within the tested working conditions, fully meeting the deviation
constraint indicators for damage prediction under this experimental condition; second, the
error shows an overall downward trend with the increase in tangential airflow intensity. The
length error under the no-airflow condition reaches the peak of 16.92% in the whole group,
which is rooted in the unoriented flow of molten melt without airflow constraint, gentle
grayscale transition of ablation boundary and irregular contour, introducing additional
quantification deviation in the image detection link; while high-speed airflow can strip
molten pool melt directionally, the damage boundary is clear and regular, and the maximum
relative errors of length and width are only 4.97% and 7.20%, with the optimal model
matching effect.
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Table 4. Error statistics of damage inversion model under different working conditions.

Maximum Mean Relative

Vum Relative Error Error RMSE  MAE R*
0 m/s (length) 0.16920 0.01900 0.69882 0.47277 0.99479
0 m/s (width) 0.07699 0.01799 0.68804 0.51088 0.99473
510 m/s (length) 0.09315 0.01926 0.59221 0.45058 0.99683
510 m/s (width) 0.09612 0.01368 0.40659 0.24348 0.99793
1020 m/s (length) 0.08062 0.02093 0.53798 0.38170 0.99660
1020 m/s (width) 0.07850 0.01507 0.31120 0.21511 0.99788
1360 m/s (length) 0.04966 0.01052 0.24880 0.17259 0.99821
1360 m /s (width) 0.07200 0.01792 0.36417 0.29524 0.99671

It can be intuitively observed from the time-series curves in Figure 10 that the piecewise
exponential model can accurately reproduce the three-stage evolution characteristics of
damage “latency—rapid expansion—slow saturation”. In the damage initiation stage,
the model can accurately capture the critical starting time ty; in the medium-term rapid
expansion interval, the fitting curve highly overlaps with the measured scatter points;
after entering the later saturation stage, the exponential convergence trend of the model is
completely consistent with the law of slowing growth of experimental data. Meanwhile,
the width of absolute error bands at all moments is maintained in a small range, and only
a small number of data points in the middle and later stages of the no-airflow condition
have slightly large deviation, which is mutually confirmed with the error statistical law in
Table 4.

Combining the error statistics and time-series fitting curves, it can be confirmed
that the piecewise exponential model with quadratic tangential airflow modulation term
has extremely high fitting goodness within the four covered airflow working conditions,
can uniformly describe the time-series evolution laws of damage length and width of
aluminum alloy under full-gradient tangential airflow conditions and can support the
time-series prediction requirements of laser damage in a high-speed airflow environment.
It should be noted that the above evaluation is mainly based on the statistical results of
fitting parameters back-substituted into the same dataset, reflecting the fitting ability of the
model to this batch of known experimental data, and does not mean that the model has
extrapolation prediction ability for untested airflow conditions.

To further clarify the positioning of the method in this paper, the results are com-
pared and discussed with existing related research: in terms of detection accuracy, the
mAP@0.5:0.95 of the YOLO26 model in this paper is 0.966, which is superior to traditional
grayscale threshold segmentation methods on the same dataset, and the single-frame infer-
ence time of 27.6 ms can meet the needs of batch time-series processing; in terms of damage
evolution trend, the observed phenomenon of “high-speed airflow advancing initiation
but inhibiting later expansion” is qualitatively consistent with the observation results of
Ma et al. [11] in a high-speed wind tunnel, and this paper further provides a quantitative
description through the piecewise exponential model; in terms of prediction error, the mean
relative errors in the length and width directions within the effective quantitative interval
are both lower than 2.1% (maximum relative errors are 16.92% and 9.61%, respectively),
which can provide a quantitative reference for similar damage time-series modeling; in
terms of airflow influence, the nonmonotonic regulation law revealed in this paper refines
the conclusion of Yuan Chun et al. [18] that “airflow condition is the core variable of dam-
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age expansion rate” and clarifies the differentiated action mechanism in different airflow
intensity intervals.
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Figure 10. Fitting results of representative damage evolution.

6. Research Conclusions and Analysis

This paper constructs an integrated analysis framework combining YOLO26 real-time
detection and a piecewise exponential time-series model, realizes automatic extraction
and unified modeling of laser damage length and width of 7075 aluminum alloy under
tangential airflow and uses a genetic algorithm to complete global parameter identification.
The medium-depth YOLO26 achieves a balance between detection accuracy and inference
speed, with precision of 0.984, mAP = 0.966 and single-frame inference time of 27.6 ms.
The quantitative fitting and verification of this paper are strictly limited to the effective
quantitative interval of 1.6-5.0 s. Within this interval, the model performs global fitting for
the damage length and width of four airflow working conditions. The maximum relative
errors are 16.92% and 9.61%, respectively, the mean relative errors are both lower than
2.1%, the RMSE is less than 0.7 mm, the MAE is less than 0.52 mm and the R? values are
all above 0.994, indicating that the model has high fitting accuracy within the measured
working conditions. The research shows that high-speed airflow can advance damage
initiation and accelerate initial expansion, but convective cooling and melt stripping effects
inhibit continuous growth in the later stage; low-speed airflow shows stronger continuous
expansion ability in the later stage of irradiation, revealing the nonmonotonic regulation
mechanism of airflow on damage evolution. The piecewise exponential model with a
quadratic tangential airflow modulation term can well describe the three-stage nonlinear
law of damage “initiation-expansion-stabilization”. It should be pointed out that the
damage size at the initiation time of 1.0-1.6 s comes from manual visual interpretation
and is only used for qualitative trend comparison, not participating in model fitting and
accuracy evaluation; the model in this paper is mainly constructed and evaluated based
on a small number of measured working conditions, and its parameter identification and
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error statistics are completed within the measured working conditions. In the future, more
working conditions will be tested to further verify the extrapolation prediction ability of
the model.
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