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Abstract:

Laser surface colorization has been regarded as a promise technology for inkless printing due to its

advantages such as versatile, stable and environmentally friendly. However, the further applications of laser

colorization in real industrial manufacturing are limited by inevitable trial and error procedure in experiment.

Here, a prediction and inverse design of laser surface colorization process are realized to address this

challenge by using a Color-Morphology Coupled Neural Network (CMCNN). The forward prediction is

conducted by a Physical-guided Multilayer Perceptron (PG-MLP) with improved prediction accuracy. For

solving the non-uniqueness of inverse design procedure, a Convolution Neural Network (CNN) based on the

input physical image is utilized. This enables the combining of structural color and morphology information

in input physical image for processing parameters planning. The network performance is verified through

the fabrication of portrait and artwork image. The corresponding relationship between target color and

experimental results demonstrate the validity of proposed model. This approach may open new possibilities
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for the fast and precise surface colorization, and facilitate the development of laser structure fabrications in

practical engineering applications.

Keywords: ultrafast laser, laser colorization, prediction and inverse design, neural network

1. Introduction

Structural color has received great attention as a promising technology for inkless printing and special

marking owing to its advantages1-3. In contrast to conventional pigment or dyes, structural color behaves

more long-term stable and environmentally friendly4,5. There have been several mechanisms and approaches

for generating structural color, including photonic crystals6, meta-surfaces7,8, coating structures9, and

plasmonic effect10. For instance, a 3D-printed photonic crystals were fabricated by heat-shrinking method,

which can realize sub-100-nm features with a full range of colors11. A meta-surface relying on polarization

control was produced to control light propagation and realized encoding and decoding pseudo-color

nano-printing images12.

Recently, laser direct writing method have been found rather appreciate for surface structure fabrication

for its facile processing procedure and large-scale machining abilities13-15. Laser induced structural color also

holds higher stability and convenience compared to aforementioned techniques. Ultrafast laser in particular,

is remarkable for its capacity to fabricate varieties of materials and micro /nano surface structures16-19. It is

reported that efficient colorization of metal surfaces can be achieved with low power ultrafast lasers by

temporally and spatially controlled laser scanning, allowing a wide spectrum of colors20,21. Most study on

ultrafast laser induced structural color only investigate the unidirectional experimental relationship between

laser parameters and final structural color22-24. It means that only those experimental verified color can be

produced with corresponding laser processing situations25. However, for real manufacturing and further

engineering applications, it is necessary to achieve efficient structure fabrication even if the corresponding

relationship is unknown. Therefore, the prediction of ultrafast laser processing results and inverse parameter

design without redundant experiments become much more important.

With the development and applications of artificial intelligence, there have been some works which can

realize the approximate prediction of fabrication results and parameters through deep learning26-28. It is

demonstrated that machine learning (ML) can help predict the spectra and colors of laser-induced structure

and optimize the laser processing29. An artificial neural network combined with Response Surface

Methodology (RSM) based experimental design can give the influence of the processing parameter on color

changes of titanium30. To further explore the connection between structural colorization and processing

conditions, some inverse design approaches are proposed, which are enabled by advanced deep neural
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network (DNN) like generative adversarial networks (GAN) and physical-informed neural networks

(PINN)31-33. Through trained inverse models, laser processing parameters can be determined and optimized

to fabricate target structural colorization34,35. Nonetheless, laser colorization is a complicated fabrication

procedure involving multiple physical and chemical processes, including ablation, oxidation, melting and

re-solidification36. Introducing physical priors into the training of neural networks has been shown to

markedly enhance the ability of tandem neural network (TNN) models to predict laser processing parameters

and the resultant coloration of processed metal surfaces. Given the complex mechanisms involved in laser

processing and the still incomplete understanding of the underlying physics, efficient and accurate inverse

design of processing parameters for large-area metal surfaces using neural-network-based learning and

inference remains a challenging task.

Currently, most inverse-design studies use color alone as the input to predict processing parameters

while neglecting the surface morphology of the structures, which fail to handle the one-to-many mapping

scenarios. In fact, ultrafast laser processing parameters and scanning settings affect not only the color of the

processed surface but also its textural morphology, which is an important consideration in surface design

and color characterization. Convolutional neural network models can learn both color and texture features

from images, and thus hold promise for structural-color design of large-area patterns, which is suitable to

realize one to one generation of laser processing parameters from imported information.

In this work, we demonstrate the forward and inverse design of ultrafast laser structural colorization with

a Color-Morphology Coupled Neural Network Model (CMCNN). The CMCNN model is composed of a

Physical-guided Multilayer Perceptron (PG-MLP) for forward prediction and an Image-based convolutional

neural network (CNN) for inverse design. By introducing beam overlap ratio (BOR) and average deposited

energy (ADE) as extra physical factors, the prediction accuracy of forward MLP network can be efficiently

raised. With the help of physical image information, the trained CNN we used called Efficient Net can

achieve laser processing parameter approximation including repetition rate, pulse energy, scanning space

and speed. Using the CMCNN model, multitype structural color on aluminum film can be inversed designed

and experimentally validated. Furthermore, the Maxwell portrait and an artwork painting are fabricated with

our proposed method. This work provides an alternative for precise structural color surface manufacturing

and exhibit potentials for information storage and encryption applications.

2. Results and discussion

In traditional forward prediction model, only initial parameters are considered as input factors of training

network. Although the prediction accuracy can be promoted via the optimization of loss function, the
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nonlinear and indirect complicated relationship between processing results and laser scanning settings

retards the improvement of model. In real laser manufacturing, some factors which can be calculated by

initial parameters are more related to the physical process, which may contribute to the final structure

formation. These calculated derived parameters have a more direct relationship with final structure

formation compared to initial parameters. The final structure formation is determined by initial parameters,

and these derived parameters cannot solely determine the final structure formation. As shown in Figure 1a,

two extra parameters including overlap ratio and average power are considered as inputs of forward network.

The physical-guided MLP model is trained to predict the structural color on aluminum surface. For the

inverse design of laser fabrication procedure, an image-based Efficient Net is utilized to obtain

corresponding processing parameters, including repetition rate, scanning speed, scanning space and pulse

energy. To solve the one-to-many problem, the textual morphology information is collected as another input

of the CNN model. The total Model combining the forward MLP and inverse CNN is named

Color-morphology Coupled Neural Network with the induction of physical calculated parameters and

physical textural images. Figure 1b demonstrates the scanning process of femtosecond laser direct writing

on the aluminum film surface. The repetition rate and scanning speed are considered and set together to

obtain an adequate overlap ratio of the wind scanning route. A femtosecond laser fabricated colorization

aluminum surface is displayed in Figure 1c. The scanning speed varies from 100 to 900 mm · s-1 and the

pulse energy ranges from 36.78 to 79.22 J/cm2, while maintaining a fixed scanning space and repetition rate.

With the scanning speed and pulse energy increasing, the structural color gradually changes from yellow to

navy blue, which is characterized and shown in Figure 1d. Structural color is extracted from optical images

as the input data of PGNN for further training. Each optical image is photographed from the same view

angle to ensure the consistence of color characterization. To gain a better demonstration of the structural

colors which can be achieved, Figure 1e displays the CIE 1931 chromaticity diagram with several typical

measured colors plotted in the sRGB triangle area. The result is found to cover most of the visible light color

(the sRGB area) range from red to blue which means it can realize surface colorization with a wide color

gamut. Using the fabricated structural color, an inkless patterned picture of the Auditorium in Tsinghua can

be processed as shown in Figure 1f. It can be observed that the building composed of yellow, black and

white is surrounded by trees composed of yellow and black, which is controlled with specific laser

processing parameters.
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Figure 1. Schematic of Prediction and Inverse Design for Ultrafast Laser Colorization on Aluminum via a CMCNN

Model composed of Physical-guided Multilayer Perceptron and Convolutional Neural Network. a, The CMCNN Model

which can realize the forward prediction of structural color with a Physical-guided MLP and achieve the inverse design of

laser processing parameters through an Image-based CNN. b, Schematics showing how the femtosecond laser realize the

direct writing procedure. c, Different structural color fabricated on Al film with varied laser scanning speed and single pulse

energy. d, Obtained Structural color display with scanning speed of 100-900mm·s-1 and pulse energy of 36.78-79.22 J/cm2. e,

Display of experimental measured structural color in CIE 1931 chromaticity diagram, the triangle area represents the sRGB

area. f, The inkless patterned picture of the Auditorium in Tsinghua with femtosecond laser on a 30×60mm Al film.

To realize the results prediction and parameters design, the forward prediction and inverse-design model

are discussed. The forward prediction model PGMLP is displayed in Figure 2a, which is based on a

multilayer perceptron architecture. The initial inputs of model contain laser parameters and scanning settings

including laser repetition, single pulse energy, laser scanning space and scanning speed. The performance of

forward prediction model with initial inputs only is limited for the influence of initial parameters is indirect.
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In real laser manufacturing process, some comprehensive factors are more related to the final machining

results. Compared to considering the repetition rate and scanning speed individually, the ratio of repetition

rate to scanning speed, which defines the scanning overlap, is more important to laser fabrication than either

parameter alone. This is because the beam overlap ratio may govern the ablation and oxidation behavior

during laser processing. Subsequent pulses at the same position will cause further ablation processes, which

eventually determine both the surface structure and the resultant oxidation. That is, the degree to which the

beam is overlapped at the same position more directly determines the resultant structure. Moreover, the

average power, given by the product of pulse energy and repetition rate, plays an important role in the laser

energy depositing procedure and influences the structure evolution. As the calculated factors are more

crucial for the physical process than the initial parameters, the BOR and ADE parameters are introduced into

the input of model as physical-driven parameters. Combining the initial and physical-driven parameters, the

inputs of model are imported into a multilayer perceptron framework. The MLP framework consists of six

layers while each layer is composed by a Fully Connected Layer and a Rectified Linear Unit. The size of

Fully Connected Layer in the first layer is (6,512) and the others are (512,512). A Fully Connected Layer of

(512,3) size is inserted between the Multilayer Perceptron and the final output to realize the RGB values

prediction. The experimental dataset is shown in Figure 2b, which is composed by hundreds of data points

obtained from laser fabrication experiment on an aluminum surface. Each data point contains four

experimental parameters including laser repetition, single pulse energy, laser scanning speed represented in

a coordinate system and scanning space represented by different colors. The scanning speed ranges from 100

to 500 mm/s while the scanning space varies from 1 to 11 μm. The repetition frequency of laser ranges from

1 to 200 kHz while the pulse energy varies from 15 to 30 J/cm2. The overlap ratio and average power can

also be calculated based on initial parameters and are imported into the prediction model.

The dataset of prediction model is randomly divided into a training dataset (900 sets of data) and a test

dataset (226 sets of data). The output RGB values of prediction model is characterized and plotted in a CIE

1931 chromaticity diagram demonstrated in Figure 2c. It can be observed that the final structural color is

evenly distributed and covers above 25% of the sRGB area. Figure 2d displays the correlation heat map

between six input parameters and output structural colors RGB values. All the input and output parameters

are found to show strong linear correlations with themselves, and have no obvious linear correlations with

other indicators. It is meant that there is a lack of significant linear correlation between these parameters and

no need to worry about low learning efficiency originated high redundancy. The scatter plots of training data

and test data are shown in Figure 2e. It can be found that most of the data are located near the function y = x

(gray dot lines), indicating that the predicted RGB values are well matched with the actual colors. The
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average Pearson correlation coefficients of training network is 0.91, which exhibit a notable correlation

while 0.9222 for the red, 0.9156 for the green, and 0.8908 for the blue. The comparison of training results

between original MLP model and Physical-guided MLP is displayed in Tabel S1, where an obvious

promotion of Pearson correlation coefficients can be found.

Figure 2. Forward prediction of laser fabricated structural color with PG-MLP model and details of training

dataset. a, Schematic of the physical-guided multilayer perceptron model. The input contains initial parameters and

calculated physical driven parameters. b, Distribution of training and test data with different experiment laser parameters. c,

The CIE 1931 chromaticity diagram for structural color characterization of part of the training dataset. d, Correlation heat

map between input parameters and output structural colors. e, Scatter plots for the demonstration of the difference between

predicted value and true value of structural color, the gray dot lines represent the function y=x.

To obtain the laser processing parameters for the target structural color in real manufacturing, a

convolution neural network combined target color and physical morphology image is demonstrated in

Figure 3a. The main architecture of inverse design model is an Efficient Net consisted of nine stages. The

input of the network is a picture of 224×224 pixel image which contains the structural color information and
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the surface textural morphology information. Through a normal convolutional layer with a kernel size of 3×

3 and a stride of 2 in stage 1, the size of input image can be converted into 112×112 resolution. MBConv

structures are repeated and stacked in stage2 to stage8 with different layers (1,1,2,2,3,3,4,1 layer as the

diagram displays), which consists of two normal Convolution layers for dimensional upward and reduction,

a k×k (k=3 or 5) Depthwise Convolution layer, a Squeeze & Excitation module and a Dropout layer. The

final Stage 9, containing a normal 1×1 convolution layer, an average pooling layer and a fully connected

layer, is connected with a regression head to output the corresponding processing parameter values

​ ​ based on the classified data.

The dataset of inverse network is the same as prediction model, and the color information and textural

morphology information obtained from structure images are added into training. Based on the efficient

network, the inversed-designed laser processing parameters can be obtained according to the given target

structural information. As shown in Figure 3b, three target structural colors with corresponding experiment

result based on obtained parameters are plotted on the CIE 1931 chromaticity diagram. It is observed that the

location of experiment results almost coincides with the target values, which confirms the performance of

the inverse design model. The detailed information of target structure and experimental result with designed

parameters is displayed in the illustration on the upper right. It can be found that there is good agreement

between the input target image and the experimental result derived from the inverse-designed parameters.

The loss curve of training and validation for the inverse design model is demonstrated in Figure 3c. After

80-100 training epochs, the loss function of the inverse model can be reduced to a low value. Figure 3d

shows the scatter plots of inverse design model train results, which indicates the difference between the

inverse-deigned parameters and real values of the test dataset. The average Pearson correlation coefficients

is 0.73 while the Pearson correlation coefficients of each parameter are 0.8279 for repetition rate, 0.6134 for

scanning space and 0.7224 for overlap ratio. For the remaining parameters, Pearson correlation coefficients

are given in the supplementary materials.
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Figure 3. Inverse design of laser processing parameters for given structural color and structure. a, Architecture of the

inverse design framework used to generate processing parameters based on the provided input information. b, Target

structural color and corresponding experiment results based on the inverse design network plotted on the CIE 1931

chromaticity diagram. c, Loss curve of inverse design model with the epochs of training increasing. d, Scatter plots for the

demonstration of difference between the inverse-deigned parameters and the real values of the test dataset.

To validate the feasibility of proposed Color-morphology Coupled Neural Network Model, the laser

fabrication experiments are conducted and the results are illustrated in Figure 4. As shown in Figure 4a and

4b, a Chinese article named ‘Yue yang Tower Inscription’ and a portrait for Maxwell are processed with

two or three different colors designed by Physics-guided Neural Network Model, with structure morphology

optical images displayed in illustrations. The experimental colors have a great match with the target value.

To further evaluate the inkless colorful printing capacity, an artwork image fabricated with multiple colors is

displayed in Figure 4c. The artwork image is composed of the moon in white, the lake in blue, the
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mountains in black and the buildings in yellow, which has clear and defined edges.

Figure 4. Characterization of laser fabricated structural color samples and validation for the inverse design model.

a, Sample of an article in Chinese printed on an aluminum film surface, the illustrations on the right are the optical

photographed images of different areas, the scale bar in illustration is 50μm. b, Sample of a portrait for Maxwell, the scale bar

in illustration is 5 mm, the illustrations on the right are the RGB color obtained from different colored areas. c, Laser

fabricated sample of an artwork image. d, Comparison of other target structural color and real fabricated result, the scale bar

in illustration is 50 μm.

Figure 4d presents the comparison between the target value and real experiment result of other typical

colors. The target structure image is imported into the inverse design model and the corresponding laser

processing parameters are generated and calculated, including repetition rate, scanning speed, scanning

space and pulse energy. Using the inverse-designed parameters, the real structure and color of validation

experiment results are shown next to the imported images. As displayed in Table 1, the processing

parameters were inverse-designed based on both target RGB values and structural information. Real colors

were fabricated by using these parameters. The RGB values of real experimental colors were extracted from
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the optical photographed images, which have a good match relationship with target RGB values. The laser

fabricated structural color samples and validation experiment indicate that the Color-morphology

information Coupled Neural Network provides an efficient and feasible alternative to realize the prediction

and design for laser colorization on metal surface, exhibiting adequate practicality in industrial and

engineering applications.

Table 1. The comparison of target colors and real experimental results with inverse-designed processing parameters.

3. Conclusions

In conclusion, a Color-morphology Coupled Neural Network is proposed to achieve prediction and

inverse design of laser structural colorization on metal surface. Using a Physical-guided Multilayer

Perceptron model, the predicted structural color RGB values can be obtained with given laser processing

parameters. The structural color obtained by this method can cover at least 25% of the sRGB region in the

CIE 1931 chromaticity diagram. To solve one-many problems in the inverse design of laser parameters from

target color information, a Convolution Neural Network combining imported structural color and

morphology information is utilized to generate the corresponding laser fabrication conditions. The average

Pearson correlation coefficients of forward and inverse model are above 0.91 and 0.73. The structural

colorized samples with the comparison between target and experimental results confirm the feasibility and

practicality of the coupled neural network. The current model and method focused on femtosecond laser

processing and one specific material. The approach will be applied to various materials, additional laser

parameters, and other types of lasers. This model and method offer a facile and efficient approach to realize

laser machining design and surface structure processing, which may promote further applications of artificial

intelligence-based laser fabrication in real industrial manufacturing.

4. Experimental Section
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Experimental Setup

The ultrafast laser source was a Yb: YAG femtosecond laser system (Pharos 20, Light Conversion),

with a central wavelength of 1030 nm, pulse duration of 256 fs and maximum repetition rate of 1 MHz. The

focus length of laser processing system is 200 mm and the laser spot diameter is calculated as 50 μm. The

polarization of laser beam can be controlled with a half-wave plate. The polarization state is maintained

horizontal. Two galvo mirrors are combined to control the scanning of laser beam. The NVIDIA GeForce

RTX 4060 is used for training and inference of neural network models.

Sample Preparation and Processing

The aluminum film is placed on a precise six-dimensional platform for a wide range moving of sample

with a galvanometer to control the fast scanning of laser beam spot. The total travel of laser processing

procedure is 100 mm and the maximum scanning speed can be set as 10 m/s.

Structure Characterization and Calculation of Chromaticity

Optical microscope images of aluminum sample and the corresponding color information are collected

with the bright field mode of an optical microscope under the same observation condition to ensure

consistency in color characterization. RGB labels were extracted from the relatively uniform areas of each

microscope image to reduce edge effects and noise influence. The chromaticity coordinates in CIE 1931

chromaticity diagram are calculated based on the CIE 1931 standard from RGB values. The conversion

process begins with normalizing the RGB values (0-255) to a floating-point range of [0, 1]. Subsequently, a

standard sRGB gamma decoding (inverse gamma correction) is applied to linearize the RGB components.

These linear RGB values are then transformed into the CIE 1931 XYZ tristimulus values using the standard

sRGB-to-XYZ conversion matrix. The transformation is defined as:

linear

linear

linear

X 0.4124 0.3576 0.1805 R
Y 0.2126 0.7152 0.0722 G
Z 0.0193 0.1192 0.9505 B

     
           
     
     

(1)

Finally, the CIE(x,y) chromaticity coordinates are computed from the XYZ values using the standard

formulas:

Xx
X Y Z


 

(2)

Yy
X Y Z


 

(3)

Training and Validation Dataset
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Experiments collected a dataset comprising 1,126 paired samples of laser processing parameters and

their corresponding outcomes (texture images) with extracted RGB color information. The dataset was

randomly partitioned into 900 training samples and 226 validation samples. Based on the experimental

dataset, two supervised regression tasks were considered: (1) forward prediction from six process parameters

(including two physical-driven parameters) to the three-channel RGB color; and (2) inverse regression from

texture images to four key process parameters.

Calculation of physical parameters

The calculation formulas of beam overlap ratio (BOR) and average deposited energy (ADE) are defined

as:

Repetition Rate Overlap Ratio = 
Scanning Speed

(4)

Average Power = Repetition Rate  Pulse Energy (5)
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Model Training and Validation

Two supervised regression tasks were considered: (1) forward prediction from six process parameters

(including two physical-driven parameters) to the three-channel RGB color; and (2) inverse regression from

texture images to four key process parameters.

The forward model adopted a physics-guided multilayer perceptron (PG-MLP) for the prediction task.

By incorporating physically meaningful guidance, PG-MLP improves data efficiency and generalization

while maintaining a compact architecture suitable for the training set size (~900), thereby mitigating

overfitting risk; the predictive performance meets application needs empirically. For the inverse task,

mapping from RGB alone to process parameters constitutes an underdetermined low-to-high-dimensional

inference with information loss; our experiments confirmed that MLPs trained solely on RGB inputs fail to

learn a reliable mapping. We therefore employed a convolutional architecture, EfficientNet-B0, with images

as inputs so that the model can jointly exploit color and texture statistics to enhance inversion accuracy and

robustness. All continuous variables were standardized to a zero mean and unit variance. In the forward task,

both the input process parameters and the RGB outputs were standardized; in the inverse task, the four target
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process parameters were standardized. Images were normalized following standard vision practice; The

RGB optical images were resized to 224×224 pixels and converted to tensors. All images were normalized

using standard ImageNet parameters (mean = [0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]). In order to

promote generalization, random horizontal flipping (p=0.3) and random vertical flipping (p=0.2) were

applied during training for data augmentation. To maintain intrinsic color distributions and texture features,

augmentation techniques that affect color and structure information were excluded.

Both tasks were optimized with Adam. The forward model used a relatively higher learning rate suitable

for shallow tabular networks; the inverse model adopted a lower learning rate with weight decay for stable

fine-tuning. A Reduce-on-Plateau scheduler, driven by validation R2, adaptively reduced the learning rate

upon performance stagnation, and early stopping was used to curb overfitting. For the forward PG-MLP, we

used ReLU and light dropout, a learning rate of 10−4, a batch size of around 64, and a sufficiently large

epoch cap to allow convergence; the best model was selected by validation R2. For the inverse

EfficientNet-B0, we fine-tuned the whole network with a learning rate on the order of 10−5, weight decay for

regularization, and gradient clipping for stability; the loss combined mean squared error and mean absolute

error as 0.8× MSE + 0.2× L1 with equal weights across parameters to balance convergence speed and

robustness.

Performance was assessed using the coefficient of determination (R2), root-mean-square error (RMSE),

and Pearson correlation; for multi-output targets, we reported both per-channel (or per-parameter) and

averaged correlations. In addition to standardized-space metrics, predictions and references were

de-standardized for the forward task to report RMSE in the original RGB space for physical interpretability.

Throughout training, we logged losses, R2, RMSE, Pearson correlations, and learning-rate dynamics. To

support reproducibility and comparative analysis, we selected the best model based on validation R2,

training curves, and prediction–ground-truth scatter plots. For the inverse design results of laser parameters,

the Pearson correlation coefficients are 0.3071 for pulse energy, 0.5057 for scanning speed and 0.8427 for

average power.

Inverse design results without morphological information

The training results of inverse model using only RGB input are displayed in Figure S1. These scatter

plots show weak correspondence between the real values and inverse-deigned parameters. Data points not

closely aligning with the 45-degree line of perfect agreement. These results demonstrate that the

improvement performance can be achieved by incorporating morphological information into the network

Ju
st

 A
cc

ep
te

d



model.

Figure S1. Scatter plots for the demonstration of difference between the inverse-deigned parameters using only RGB

input and real values of the test dataset.

Training results with different models

The training results of different models are displayed in Tabel S1. When the extra physical parameters

like the scanning overlap and average power are introduced into the training model, the Pearson correlation

coefficients of RGB value in network are promoted obviously. Meanwhile, the R2 of training model is raised

from 0.74 to 0.82.

Table S1. The comparison of training results with different models

Besides of the RGB values, the Lab values of structural color are also considered and compared in the

model training. The conversion from RGB color values ​ ​ to LAB color values ​ ​ is based on CIE

chromaticity as an intermediate medium value. The training results of Lab values are shown in Table S2.

Considering the training results of RGB values is better than that of Lab values, the RGB values are utilized

in the final training models.

Table S2. The comparison of training results using the Lab values
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