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Abstract

To address the complex parameter–response relationships of metal–insulator–metal (MIM) 
metasurface absorbers and the low design efficiency of conventional electromagnetic simu-
lations, this study proposes a neural network-assisted design method based on a two-stage 
progressive spectral-shape constraint. An MIM absorber featuring composite square- and 
circular-ring resonators is constructed, a dataset containing 6480 samples is generated, 
and a forward neural-network model is developed for spectral prediction. A two-stage 
training strategy is adopted, in which the model first learns the spectral amplitudes and 
then progressively incorporates the spectral-shape constraint, thereby enhancing its ability 
to represent resonance peaks and valleys as well as local spectral features. The results 
show that the proposed model achieves a mean squared error of 2.50 × 10−6  and a mean 
absolute error of 1.16 × 10−3  on the test set, while reducing the spectral-shape loss by 18.98% 
compared with the baseline model. The model exhibits good generalization across the 
continuous parameter ranges, and its predictions agree closely with the results obtained 
from automated finite-difference time-domain simulations, while achieving an approxi-
mately 140-fold speedup over FDTD. Based on the trained model, four broadband absorber 
structures are designed and validated. The highest mean absorptance reaches 97.64%, and 
the maximum continuous high-absorption bandwidth reaches 1375 nm. The proposed 
data-driven method balances spectral-shape fidelity with computational efficiency and 
provides an effective framework for the rapid prediction and design of composite-resonant 
MIM metasurface absorbers.

Keywords: MIM metasurface absorber; neural-network-assisted design; spectral prediction; 
broadband absorber; spectral shape constraint

1. Introduction
By introducing artificial micro- and nanostructures at the subwavelength scale, meta-

surface absorbers can efficiently regulate and absorb electromagnetic-wave energy, demon-
strating considerable application potential in infrared stealth, thermal-radiation control, 
infrared detection, and other fields [1–3]. Beyond absorption applications, engineered 
metasurfaces also enable flexible control of optical polarization states, providing opportuni-
ties for optical field manipulation and precision sensing [4]. Compared with conventional 
bulk-material absorbers, metasurface absorbers can achieve near-perfect absorption with 
an ultrathin subwavelength thickness, providing a new technical approach for the design 
of lightweight and integrated optical devices [5,6].
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Among various structural configurations, metal–insulator–metal (MIM) metasurface 
absorbers have attracted extensive attention because of their distinctive physical mecha-
nisms. By introducing a dielectric spacer layer between the top metallic resonator and the 
bottom metallic reflector, this configuration can excite surface plasmon resonances and 
Fabry–Pérot cavity-mode resonances, thereby significantly enhancing the light–matter in-
teraction [7–9]. By regulating the geometric shape, characteristic dimensions, and material 
parameters of the top resonator, the resonance conditions of localized surface plasmons can 
be effectively altered, enabling precise modulation of the positions and intensities of the 
absorption peaks and the spectral line shapes [10–13]. However, a single resonant unit has 
a limited ability to regulate localized resonances, and its absorption bandwidth and spectral 
design flexibility remain considerably restricted, making it difficult to satisfy the practical 
requirements for efficient multiband or broadband absorption. Consequently, researchers 
have gradually extended the design focus from single-resonator structures to multiresonant 
and composite-resonant metasurface configurations. By incorporating resonant structures 
with different dimensions or morphologies into the same unit cell, multiple absorption 
peaks can be cooperatively superimposed, thereby effectively broadening the absorption 
bandwidth [14]. For example, Bai et al. developed a miniaturized broadband metasurface 
absorber based on a fractal resonator structure, demonstrating the effectiveness of geomet-
ric design and impedance matching in achieving broadband absorption [15]. However, 
multiresonant composite structures generally involve strong coupling among multiple geo-
metric parameters, and their spectral responses exhibit pronounced high-dimensional and 
nonlinear characteristics, resulting in greater difficulties in structural design and parameter 
optimization [16].

At present, the design of metasurface absorbers still relies primarily on full-wave 
electromagnetic simulation methods, such as the finite-difference time-domain (FDTD) 
method and the finite element method (FEM) [17–19]. Although these methods can pro-
vide highly accurate calculations of optical responses, a single simulation often requires 
considerable computational time for multiresonant metasurfaces with high-dimensional 
parameters and complex structures. Large-scale parameter sweeps generally require nu-
merous simulations of different structures, resulting in high computational costs and long 
design cycles. Although recently developed topology-optimization and inverse-design 
methods have improved design flexibility to some extent, they still inherently rely on ex-
tensive iterative searches and numerical calculations, which impose certain limitations on 
their engineering applications [20,21]. Therefore, efficient design methods are urgently 
needed to enable rapid performance prediction and high-performance structure screening 
for composite-resonant MIM absorbers.

In recent years, the rapid development of artificial intelligence, particularly deep-
learning methods, has provided new approaches for the efficient design of photonic de-
vices [22–24]. Artificial neural networks (ANNs) can learn the underlying nonlinear 
mapping relationships from a large number of structure–spectrum pairs and rapidly predict 
the corresponding optical responses from structural parameters, thereby improving the 
efficiency of metasurface design [25]. Neural networks have achieved good performance in 
the spectral-response modeling of multilayer thin-film structures, the performance predic-
tion of nanophotonic structures, and the inverse design of metamaterial structures [26–28]. 
However, composite-resonant MIM metasurface absorbers with continuous geometric pa-
rameters, complex resonance modes, and significant parameter coupling exhibit more 
diverse and complex absorption spectra. Existing studies still lack efficient neural-network-
based design methods suitable for complex composite-resonant MIM metasurfaces, and the 
rapid and accurate prediction of their spectral responses remains a key issue that urgently 
needs to be addressed [29,30].
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To address these issues, this study investigates an efficient mapping method between 
the structural parameters and spectral responses of near-infrared composite-resonant meta-
surface absorbers. A composite-resonant MIM absorber combining square and circular 
rings is designed, and an ANN-based forward prediction method incorporating a two-stage 
progressive spectral shape constraint is proposed. First, a large-scale database of structural 
parameters and reflection spectra is constructed using FDTD electromagnetic simulations. 
Second, a multilayer perceptron (MLP) is employed to learn the nonlinear mapping rela-
tionship between the structural parameters and reflection spectra. On this basis, considering 
that absorber performance is more strongly determined by local spectral features such as 
resonance peaks and valleys, a two-stage progressive training strategy is further proposed. 
After the model has learned the overall spectral-amplitude characteristics, the spectral-shape 
constraint is progressively introduced to improve local spectral-shape reconstruction while 
maintaining amplitude accuracy. Finally, Latin hypercube sampling is used to generate inde-
pendent samples not covered by the database, and comparisons with FDTD simulations are 
performed to examine the generalization capability of the model over the continuous param-
eter ranges. The trained model is subsequently used for the rapid performance evaluation of 
candidate structures. While ensuring spectral prediction accuracy, the proposed framework 
significantly shortens the design cycle for large numbers of structures. Its prediction speed 
is approximately 140 times that of the electromagnetic simulations, and its spectral shape 
loss is 18.98% lower than that of the baseline model. Based on model screening and subse-
quent FDTD validation, four representative broadband absorber structures with different 
absorption-performance advantages are ultimately obtained. The highest average absorp-
tance reaches 97.64%, and the maximum continuous high-absorption bandwidth reaches 
1375 nm. These results demonstrate the potential and advantages of the composite square- 
and circular-ring resonator design for regulating broadband absorption performance and 
provide an effective data-driven approach for the efficient design of composite-resonant 
MIM metasurface absorbers.

2. Structural Design and Operating Principle
2.1. Absorber Design and Operating Principles

In this study, the finite-difference time-domain (FDTD) method was used to design 
a composite-resonant metasurface absorber based on an MIM structure. As shown in 
Figure 1a, the metasurface unit cell consists of a top composite metallic resonator layer, 
an intermediate dielectric spacer layer, and a bottom continuous metallic reflector layer. 
Cr and Al2 O3  were used for the metallic and dielectric layers, respectively. The bottom 
continuous metallic reflector layer can effectively suppress the transmission of electromag-
netic waves; therefore, the absorptance of the device can be directly calculated from its 
reflectance. The entire structure is periodically arranged along the X and Y directions to 
form a two-dimensional metasurface array. Here, r1  and r2  denote the radial widths of the 
circular resonant rings, namely, the differences between the outer and inner radii. The 
parameters S1  and S2  denote the structural widths of the square resonant rings, respectively, 
each of which is defined as half the difference between the outer and inner side lengths. The 
parameter h denotes the thickness of the top metallic resonator unit, while PX  and PY  denote 
the unit-cell periods. The unit-cell periods along the x and y directions were both fixed at 
1200 nm. The thicknesses of the bottom Cr reflector and the intermediate Al2 O3  dielectric 
spacer were set to 150 nm and 70 nm, respectively. The top resonator layer consisted of two 
circular rings and two square rings, with their centers located at (300, 300), (−300, −300), 
(−300, 300), and (300, −300) nm. The inner radius of each circular ring was fixed at 80 nm, 
while the inner side length of each square ring was fixed at 160 nm.
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Figure 1. Schematic diagram of the square–circular composite resonant metasurface absorber structure. 
(a) three-dimensional unit-cell structure; (b) top view.

The electromagnetic response of the structure was simulated using the three-dimensional 
finite-difference time-domain (FDTD) method. Periodic boundary conditions were applied 
along the x- and y-directions, while perfectly matched layer (PML) boundary conditions 
were applied along the z-direction. The wavelength-dependent complex refractive indices 
of Cr and Al2 O3  were obtained from the Palik optical constants database. The structure 
was illuminated by a normally incident, x-polarized plane wave over the wavelength range 
of 800–2200 nm. An automatic nonuniform mesh was employed with a mesh accuracy 
setting of 2. The reflected power was recorded using a frequency-domain power monitor, 
with 400 uniformly spaced wavelength samples. The monitor integration covered the entire 
reflection monitoring plane within the unit cell, thereby accounting for all propagating 
reflected diffraction orders rather than only the zeroth-order specular reflection. To assess 
the numerical reliability of the adopted mesh setting, a mesh-convergence analysis was 
conducted using mesh accuracy settings of 2, 3, and 4 by comparing the complete absorption 
spectra and band-averaged absorptance. The mean absolute spectral differences between 
mesh accuracy settings of 2 and 3, 3 and 4, and 2 and 4 were approximately 0.6, 0.3, and 
0.8 percentage points, respectively, all below the adopted convergence criterion of 1 per-
centage point. The reduced spectral difference between settings of 3 and 4 indicates that 
the results tend to stabilize with further mesh refinement. In addition, the difference in 
band-averaged absorptance between settings of 2 and 4 was only 0.0216 percentage points. 
These results support the adequacy of a mesh accuracy setting of 2 for evaluating the overall 
broadband absorption performance, and this setting was therefore adopted to balance 
numerical accuracy and computational efficiency.

The top metallic resonator consists of two square resonant rings and two circular reso-
nant rings. Compared with a resonator with a single geometric structure, the composite 
structure can support multiple localized resonance modes within the same unit cell and 
broaden the absorption bandwidth or produce a multi-peak absorption response through 
the coupling between different resonance modes. This increases the design flexibility of 
broadband and multiband absorbing devices and enables the cooperative excitation of 
multiple localized resonance modes [31,32]. Under electromagnetic-wave illumination, the 
top composite metallic resonator can excite localized surface plasmon resonances, while 
the electromagnetic wave forms a Fabry–Pérot-like cavity-mode resonance between the 
dielectric layer and the bottom metallic reflector layer [33,34]. The two types of reso-
nances are mutually coupled and jointly enhance the local confinement of the incident 
electromagnetic wave, thereby effectively strengthening the light–matter interaction. The 
square resonant ring mainly produces strong localized electric-field enhancement near its 
edges, whereas the circular resonant ring exhibits a more symmetric radial electric-field 
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distribution. The complementary responses of different resonant modes can enrich the 
spectral characteristics of composite metasurfaces and contribute to broadband absorption 
enhancement, as also discussed in previous studies of multimode resonances and plasmonic 
hybridization [35,36]. It is worth noting that the bottom metallic reflector layer strongly sup-
presses electromagnetic-wave transmission, resulting in negligible transmittance, T(𝜆) ≈ 0. 
Therefore, the absorptance of the metasurface absorber with the composite square- and 
circular-ring resonator investigated in this study can be expressed as

A(𝜆) = 1 − R(𝜆) − T(𝜆) ≈ 1 − R(𝜆), (1)

where A(𝜆), R(𝜆), and T(𝜆) denote the absorptance, reflectance, and transmittance, respec-
tively. The transmittance was further examined and found to range approximately from 
10−6  to 10−4  over the evaluated structures and wavelengths, confirming the validity of the 
negligible-transmission approximation. Therefore, the corresponding absorption spectrum 
can be obtained directly from the calculated total reflectance spectrum. This simplifies the 
calculation of the absorption spectrum and provides a basis for the subsequent dataset 
construction and neural-network training.

To clarify the respective roles of the square and circular resonators in broadband ab-
sorption, the absorption spectra of the square-ring-only, circular-ring-only, and combined 
structures were compared under identical simulation conditions, as shown in Figure 2. All 
three structures exhibit high absorptance in the short-wavelength region. As the wave-
length increases, the circular-ring-only structure exhibits a more pronounced reduction 
in absorptance, whereas the square-ring-only structure maintains a comparatively broad 
high-absorption response. The combined structure provides a higher and flatter absorption 
response over the middle- and long-wavelength regions. These results indicate that the 
two resonator types provide complementary spectral responses, and their combination con-
tributes to broadening and flattening the absorption band. Similar broadband absorption 
strategies based on structural geometry and multiple resonant responses have also been 
investigated in previous metasurface absorber designs [37].

Figure 2. Absorption spectra of three metasurface configurations under identical simulation conditions. 
(A) square-ring-only structure; (B) circular-ring-only structure; (C) combined square–circular-ring 
structure.
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The electric-field distributions at representative wavelengths are shown in Figure 3. 
At 1150 nm, localized field enhancement is observed near the edges of both square and 
circular rings, particularly around the metallic boundaries and adjacent interfaces. At 
1650 nm, the field becomes more concentrated near the lower resonator edges and the 
adjacent dielectric region. At 2050 nm, localized fields remain visible near the lower edges 
of the resonators and the metal–dielectric interfaces, including regions around the circular 
rings. The wavelength-dependent redistribution of the electric field indicates that both 
resonator types participate in the electromagnetic response over different spectral regions, 
consistent with the complementary absorption characteristics observed in Figure 2.

Figure 3. Electric-field intensity distributions of the combined square–circular-ring absorber at 
(a,b) 1150 nm, (c,d) 1650 nm, and (e,f) 2050 nm. The first and second rows correspond to the 
cross-sectional planes passing through S1 –R1  and R2 –S2 , respectively.

The corresponding magnetic-field distributions are presented in Figure 4. At 1150 nm, 
magnetic-field enhancement is observed beneath both resonator types and within the ad-
jacent dielectric region. At 1650 nm, the magnetic field is more strongly confined within 
the dielectric spacer between the top resonators and the bottom metallic reflector, sug-
gesting a cavity-like electromagnetic response in the metal–dielectric–metal configuration. 
At 2050 nm, the field remains localized mainly within the dielectric region beneath the 
resonators, with noticeable enhancement beneath the circular rings. Together with the 
electric-field distributions, these results support the participation of localized resonant 
responses and dielectric-gap field confinement in the broadband absorption process.

Taken together, the absorption spectra and electromagnetic-field distributions indicate 
that the broadband response arises from the combined effects of intrinsic Cr dissipation and 
complementary resonant responses supported by the square and circular rings. Previous 
studies have demonstrated the contribution of the optical properties of Cr to broadband 
absorption in metallic absorber structures [38]. The spectral overlap of these responses, 
together with field localization near the resonator boundaries and within the dielectric 
spacer, contributes to maintaining high absorptance over a broad wavelength range. The 
combined structure therefore benefits from the complementary spectral contributions of 
the two resonator types, resulting in a broader and flatter absorption response than that 
provided by either individual configuration over the relevant spectral regions.
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Figure 4. Magnetic-field intensity distributions of the combined square–circular-ring absorber at 
(a,b) 1150 nm, (c,d) 1650 nm, and (e,f) 2050 nm. The first and second rows correspond to the 
cross-sectional planes passing through S1 –R1  and R2 –S2 , respectively.

2.2. Evaluation Metrics for the Absorber Structure
To quantitatively evaluate the broadband absorption performance of the metasur-

face structure, this study adopts the average absorptance and the maximum continuous 
high-absorption bandwidth as the main evaluation metrics, with reference to the evalua-
tion methods commonly used in previous studies of broadband absorbers [39,40]. These 
two metrics characterize the overall absorption level of the device and the width of its 
continuous high-absorption band, respectively.

(1) Average absorptance

The average absorptance is used to evaluate the overall absorption performance of the 
structure over the operating wavelength range of 800–2200 nm. It is expressed as

𝐴 =
1

𝜆max − 𝜆min
∫

𝜆max

𝜆min

𝐴(𝜆) d𝜆, (2)

where 𝜆max  and 𝜆min  are the maximum and minimum wavelengths of the operating band, 
respectively, and A(𝜆) denotes the absorptance of the structure at wavelength 𝜆.

(2) High-absorption coverage ratio and maximum continuous high-absorption bandwidth

The high-absorption coverage ratio and the maximum continuous bandwidth with 
an absorptance of no less than 90% are commonly used metrics for evaluating the high-
absorption performance of broadband absorbers [41]. The high-absorption coverage ratio 
is expressed as

𝜂HA =

𝑁
∑
𝑖=1

Δ𝜆𝑖

𝜆max − 𝜆min
, (3)

where 𝜂HA  is the high-absorption coverage ratio, N is the number of continuous high-
absorption intervals satisfying A(𝜆) ≥ 0.9 within the operating band, and Δ𝜆i  is the width 
of the i-th continuous high-absorption interval. This metric reflects the extent to which 
high absorption is achieved over the entire operating band. The maximum continuous 
high-absorption bandwidth is used to evaluate the ability of the structure to maintain 
continuous high absorption when the absorptance is no less than 90%. It is expressed as

𝐵HA = max
1≤𝑖≤𝑁

(Δ𝜆𝑖) = max
1≤𝑖≤𝑁

(𝜆𝑖,𝑅 − 𝜆𝑖,𝐿), (4)
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where BHA  is the maximum continuous high-absorption bandwidth, and 𝜆i , R  and 𝜆i , L  are 
the left and right boundary wavelengths of the i-th continuous high-absorption interval, 
respectively.

3. Construction and Training of the Neural Network Prediction Model
3.1. ANN-Assisted Design of the Metasurface Absorber

Variations in the geometric parameters of the absorber structure affect the absorption 
performance of the composite-resonant MIM metasurface absorber. In particular, parame-
ters such as the dimensions, spacing, and thickness of the top square and circular resonant 
rings jointly determine the conditions for localized surface plasmon resonance and the 
strength of mode coupling, resulting in strongly nonlinear variations in the peak positions, 
bandwidth, and shape of the absorption spectrum. To enable rapid prediction of reflec-
tion spectra and efficient design of high-absorption structures, an artificial neural network 
(ANN) is developed to learn the nonlinear relationship between the structural parameters 
and spectral responses of the composite-resonant MIM metasurface absorber. The overall 
research framework is illustrated in Figure 5.

Figure 5. Workflow of the ANN-assisted design of the metasurface absorber.

First, automated scripts are used to construct a three-dimensional numerical model of 
the metasurface absorber and invoke the FDTD solver. After the simulation environment, 
including the material parameters, boundary conditions, and excitation source, is config-
ured, model updating, electromagnetic simulation, spectral extraction, and data storage 
are sequentially performed to construct a dataset containing the structural parameters 
and their corresponding spectral responses. Subsequently, with the structural parameters 
as the input and the corresponding spectral data as the output, the training set is used 
to optimize the neural-network parameters. Different model configurations and training 
strategies are then compared based on the MSE and MAE obtained on the validation set, 
and the model with the best predictive performance is ultimately selected. After the model 
architecture and training parameters are determined, a test set that is not involved in either 
model training or model selection is used to evaluate the final predictive performance. 
Following training, the trained neural network is applied to the spectral prediction of the 
metasurface absorber, rapidly producing the corresponding spectral response from the 
input structural parameters. Finally, the accuracy and reliability of the model predictions 
are verified through comparison with the FDTD simulation results.
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3.2. Dataset Construction and Spectral Sampling Method
The spectral response of the composite-resonant MIM metasurface absorber is regu-

lated by adjusting the geometric parameters of the top square and circular resonant rings 
while maintaining the overall structural configuration. A full-factorial scanning method is 
employed to generate structural samples within the predefined discrete parameter ranges, 
as detailed in Table 1.

Table 1. Structural parameter settings of the composite resonant MIM metasurface absorber.

Parameter Range (nm) Step Size (nm)

r1 30–130 20
r2 30–130 20
S1 30–130 20
S2 30–130 20
h 125–225 25

Finally, 6480 different parameter combinations are obtained. Electromagnetic simu-
lations are performed for all parameter combinations using the FDTD method, and the 
corresponding reflection spectra are extracted and stored. Each reflection spectrum covers 
the wavelength range of 800–2200 nm and contains 400 wavelength sampling points, which 
serve as the 400-dimensional output labels of the neural network model.

In addition, to independently evaluate the predictive capability of the model for off-
grid parameter combinations, Latin hypercube sampling is employed to generate 200 sets 
of structural parameters within the predefined parameter ranges, while ensuring that 
these parameter combinations do not duplicate those in the original discrete dataset. The 
corresponding 400-point reflection spectrum of each structure is then calculated using the 
FDTD method. These data are independent of the original discrete dataset containing 
6480 structures and are used for the subsequent out-of-dataset prediction validation.

3.3. Artificial Neural Network Architecture and Training Method
To establish the nonlinear mapping relationship between the structural parameters of 

the composite-resonant MIM metasurface and its reflection spectrum, the spectral predic-
tion problem is formulated as a supervised-learning regression task. The network input 
is a feature vector X = [r1 ,r2 ,S1 ,S2 ,h] consisting of five structural parameters, while the 
network output, sampled over the wavelength range of 800–2200 nm, is represented by a 
400-dimensional reflection-spectrum vector Y = [R(𝜆1 ),R(𝜆2 ) … R(𝜆400 )]. Therefore, the 
problem can be formally expressed as finding a nonlinear function mapping:

f :R5 → R400 . (5)

The network continuously optimizes the mapping function to minimize the error 
between the predicted spectrum Ŷ = 𝑓 (𝑥) and the true spectrum Y.

Considering that the input parameter dimension is relatively low and that the output is 
a one-dimensional continuous spectral vector, an artificial neural network (ANN) based on 
a multilayer perceptron (MLP) is selected as the prediction model. Its overall architecture 
is illustrated in Figure 6. The network consists of a five-dimensional input layer, three 
hidden layers containing 400 neurons each, and a 400-dimensional output layer. The 
rectified linear unit (ReLU) is employed as the activation function for the hidden layers [42], 
while the sigmoid activation function is used in the output layer to constrain the predicted 
reflectance to the physical range of 0–1, thereby satisfying the prediction requirements of 
the continuous-spectrum regression task. The network parameters are updated using the 
Adam optimization algorithm [43], which adaptively adjusts the learning rate based on 
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estimates of the first and second moments of the gradients and provides good convergence 
speed and training stability for high-dimensional nonlinear regression problems.

Figure 6. Schematic illustration of the ANN architecture developed in this work.

The network was trained using the Adam optimizer with a batch size of 64. In the first 
stage, spectral-amplitude pretraining was performed with an initial learning rate of 1 × 10−3 
and a maximum of 3000 epochs. The learning rate was adjusted using a ReduceLROnPlateau 
scheduler with a reduction factor of 0.5, a patience of 40 epochs, and a minimum learning 
rate of 1 × 10−6 . Early stopping was applied with a patience of 150 epochs. In the second 
stage, the pretrained network weights were used to initialize progressive spectral-shape 
fine-tuning, with the initial learning rate reduced to 1 × 10−4  and the maximum number 
of epochs set to 500. The learning-rate scheduler retained the same reduction factor and 
minimum learning rate, while early stopping was applied with a patience of 100 epochs.

The 6480 samples are divided into training, validation, and test sets containing 3855, 
681, and 1944 samples, respectively, accounting for 59.5%, 10.5%, and 30% of the entire 
dataset. To address the limitation that the conventional pointwise MSE loss mainly focuses 
on spectral-amplitude errors and cannot sufficiently constrain resonance peaks, valleys, and 
local spectral-shape variations, a two-stage progressive training method with joint spectral 
amplitude–shape constraints is developed in this study. The method first performs basic 
learning of the spectral amplitudes and then progressively introduces a spectral-shape 
constraint, thereby strengthening the model’s ability to represent local variation trends 
while maintaining its overall spectral prediction accuracy.

In the first training stage, only the pointwise mean squared error at each wavelength 
is used as the loss function to train the baseline model, enabling the network to learn 
the mapping relationship between the structural parameters and the reflection-spectrum 
amplitudes. The MSE is adopted as the loss function and is defined as

𝐿MSE =
1
𝑁

𝑁
∑
𝑖=1

(𝑌̂𝑖 − 𝑌𝑖)
2, (6)

where LMSE  denotes the spectral-amplitude loss, N denotes the number of spectral sampling 
points, and Yi  and 𝑌̂𝑖 denote the true and predicted reflectances at the i-th wavelength 
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sampling point, respectively. By continuously minimizing this loss function, the network 
gradually learns a stable mapping relationship between the structural parameters and the 
reflection spectrum.

In the second stage, the optimal weights of the baseline model are used as the initial 
weights. A spectral-shape loss constructed from the reflectance changes between adja-
cent wavelength sampling points is then introduced, together with a progressive weight-
adjustment strategy. The spectral-shape loss is expressed as

𝐿shape =
1

𝑁 − 1

𝑁−1
∑
𝑖=1

[(𝑌̂𝑖+1 − 𝑌̂𝑖) − (𝑌𝑖+1 − 𝑌𝑖)]
2

, (7)

where 𝑌̂𝑖+1 − 𝑌̂𝑖 and Yi +1 − Yi  denote the reflectance changes between adjacent wavelength 
sampling points in the spectrum predicted by the ANN and the true spectrum obtained 
by FDTD, respectively. The term Lshape  denotes the spectral-shape loss, which is used to 
measure the difference in local variation trends between the predicted and true spectra. 
The overall composite loss function is expressed as

L = LMSE  + 𝛼(e)Lshape , (8)

where L denotes the total loss function used for model training, and 𝛼(e) denotes the 
weight of the spectral-shape loss, which varies dynamically with the training epoch. Unlike 
methods that directly employ a composite loss with a fixed weight, the proposed method 
dynamically adjusts the weight of the spectral-shape loss according to the training epoch, 
thereby achieving joint optimization of the spectral amplitude and local spectral shape.

The weighting schedule was empirically specified to balance spectral-amplitude re-
construction and local spectral-shape optimization during training. A warm-up period 
was first introduced to allow the network to establish a stable spectral-amplitude represen-
tation, followed by a linear increase in the spectral-shape loss weight and a subsequent 
constant-weight stage. The weighting coefficient α(e) was therefore designed to increase 
gradually during fine-tuning, allowing the network to transition from amplitude-focused 
optimization to joint amplitude–shape optimization. The corresponding schedule is defined 
as follows:

𝛼(𝑒) =

{


0, 𝑒 ≤ 𝐸w

𝛼max
𝑒 − 𝐸w

𝐸r
, 𝐸w < 𝑒 ≤ 𝐸w + 𝐸r

𝛼max, 𝑒 > 𝐸w + 𝐸r

. (9)

Here, e denotes the fine-tuning epoch, while Ew , Er  and 𝛼max  represent the warm-up 
duration, ramp duration, and maximum spectral-shape loss weight, respectively. These 
parameters were set to 20 epochs, 100 epochs, and 1.8, respectively.

Finite difference-based shape constraints characterize local variations between neigh-
boring spectral values, while multi-objective learning methods combine different optimiza-
tion objectives through weighted loss functions. Progressive training strategies further or-
ganize the optimization process by gradually introducing learning objectives or constraints. 
Building on these concepts, the proposed T-Spssc framework coordinates spectral-amplitude 
and spectral-shape optimization through a two-stage training strategy. Specifically, the 
network is first pretrained using an amplitude-based loss to learn the overall spectral re-
sponse. A spectral-shape constraint is then introduced during fine-tuning, with its weight 
progressively increased to strengthen local spectral-shape reconstruction while preserving 
the learned spectral-amplitude representation.
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4. Analysis and Discussion
4.1. Training and Convergence Analysis of Models with Different Architectures

To identify a suitable baseline network architecture for the rapid prediction of metasur-
face reflection spectra, different combinations of network architectures, activation functions, 
and optimizers are compared. As shown in Figure 7, the training losses of all four mod-
els gradually decrease with an increasing number of iterations and eventually stabilize, 
indicating that all four models can effectively learn the nonlinear mapping relationship 
between the geometric parameters and the reflection spectra. However, clear differences are 
observed among the models in terms of convergence speed, loss level, and training stability.

Figure 7. Training and validation loss curves of different neural-network models. (a) MLP + ReLU + Adam; 
(b) MLP + SiLU + Adam; (c) MLP + SiLU + AdaDelta; (d) CNN + SiLU + AdaDelta.

Among the four models, the MLP model using the ReLU activation function and 
the Adam optimizer (Figure 7a) exhibits the best overall performance. The model con-
verges rapidly during the early stage of training, and its loss stabilizes after approximately 
300 epochs. It also achieves the lowest final training and validation losses. The training and 
validation losses exhibit generally consistent trends, and the validation loss remains at a 
low level throughout the training process without obvious divergence. Although the MLP 
model using the SiLU activation function (Figure 7b) also achieves a relatively low loss, its 
validation loss shows some fluctuations during the later stage of training, indicating slightly 
lower stability than that of the ReLU model. The model using the AdaDelta optimizer 
(Figure 7c) exhibits a markedly slower convergence rate and requires more epochs to stabi-
lize, indicating insufficient parameter-update efficiency for this task. For the CNN model 
(Figure 7d), the input data contain only a limited number of metasurface geometric param-
eters rather than two-dimensional structural features with spatial topological relationships. 
Therefore, the advantage of convolutional operations in extracting local spatial features 
cannot be fully utilized, and its predictive performance does not reach that of model (a).
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Considering the convergence speed, loss level, and stability of the models, the MLP + 
ReLU + Adam model shown in Figure 7a is selected as the baseline network architecture 
for the subsequent spectral prediction.

4.2. Ablation Analysis of the Two-Stage Progressive Spectral Shape Constraint
After determining the baseline network architecture, three groups of ablation experi-

ments are conducted to verify the effectiveness of the spectral shape loss and its progressive 
introduction strategy: the baseline model using only the mean squared error loss, the model 
using a fixed-weight spectral shape constraint (Fixed-Weight Spectral Shape Constraint, 
F-Wssc), and the proposed model using a two-stage progressive spectral shape constraint 
(Two-Stage Progressive Spectral Shape Constraint, T-Spssc). All three models employ the 
same data partition, network architecture, optimizer, and training configuration, with the 
total number of training epochs used as a unified training budget. Their main differences 
lie in the composition of the loss function and the corresponding training strategy. Model 
selection for each model is performed using the validation set containing 681 samples, and 
the final performance is evaluated using 1944 grid-based test samples.

As shown in Table 2, the F-Wssc model reduces the spectral-shape MSE by 50.51% 
compared with the baseline, demonstrating the effectiveness of the shape constraint in 
capturing local spectral variations. However, the spectral MSE and MAE increase by 16.34% 
and 8.47%, respectively, accompanied by a 23.36% increase in resonance-position deviation. 
These results suggest that applying a fixed spectral-shape constraint throughout training 
places greater emphasis on local spectral variations, thereby influencing the balance between 
global spectral accuracy and local shape reconstruction.

Table 2. Ablation study results under different strategies.

Training 
Strategy

Spectral 
MSE

Spectral 
MAE

Spectral 
Shape MSE

Absolute Error of 
Average Absorptance

Resonance Wavelength 
Deviation (nm)

baseline model 2.57 × 10−6 1.18 × 10−3 1.37 × 10−7 5.51 × 10−4 29.84
F-Wssc model 2.99 × 10−6 1.28 × 10−3 6.78 × 10−8 5.88 × 10−4 36.81
T-Spssc model 2.50 × 10−6 1.16 × 10−3 1.11 × 10−7 5.46 × 10−4 30.01

In contrast, the T-Spssc model progressively incorporates the spectral-shape constraint 
after establishing the overall spectral response, achieving a more balanced prediction per-
formance. Compared with the baseline, the spectral MSE, MAE, and spectral-shape MSE 
decrease by 2.72%, 1.69%, and 18.98%, respectively, while the absolute error in average 
absorptance decreases by 0.91%. Among the 1944 test samples, lower spectral MSE, MAE, 
and spectral-shape MSE values are obtained for 67.13%, 65.48%, and 93.11% of the samples, 
respectively, indicating that these improvements extend across a substantial proportion of 
the test set.

Furthermore, the resonance-position deviations of the baseline and T-Spssc models 
remain comparable at 29.84 and 30.01 nm, respectively, with a difference of only 0.17 nm, 
well below the average wavelength sampling interval of approximately 3.51 nm. Notably, 
although F-Wssc achieves the lowest spectral-shape MSE, T-Spssc provides higher overall 
spectral prediction accuracy and a smaller resonance-position deviation than F-Wssc. These 
findings highlight the effectiveness of the two-stage progressive optimization strategy in 
coordinating global spectral reconstruction and local spectral-shape preservation while 
maintaining comparable resonance-position prediction performance. Accordingly, T-Spssc 
is selected for subsequent spectral prediction and structural screening.

To further assess the effectiveness and consistency of the proposed training strat-
egy, four approaches were compared: the baseline model, the fixed-weight spectral-shape 

https://doi.org/10.3390/photonics13111043

https://doi.org/10.3390/photonics13111043


Photonics 2026, 13, 1043 14 of 24

constraint (F-Wssc), the one-stage progressive spectral-shape constraint (O-Spssc), and 
the proposed two-stage progressive spectral-shape constraint (T-Spssc). All models were 
trained from scratch using the same network architecture, dataset partition, optimization 
settings, and training budget. Five random seeds were employed to evaluate the consis-
tency of the prediction results, and both prediction accuracy and computational cost were 
examined. The corresponding results are summarized in Table 3.

Table 3. Comparison of prediction accuracy and computational cost across four training strategies 
using five random seeds.

Training 
Strategy

Spectral MSE 
(×10−6 )

Spectral Shape 
MSE (×10−8 )

Training 
Time (s)

Inference Time 
(𝛍s/sample)

baseline model 1.798 ± 0.065 8.881 ± 0.309 557 ± 197 0.256
F-Wssc model 1.837 ± 0.157 6.519 ± 0.382 579 ± 158 0.256
O-Spssc model 1.932 ± 0.139 6.840 ± 0.425 490 ± 156 0.254
T-Spssc model 1.795 ± 0.065 7.904 ± 0.254 443 ± 137 0.253

As shown in Table 3, the four training strategies exhibit different optimization char-
acteristics. The F-Wssc model achieves the lowest spectral-shape MSE of 6.519 × 10−8 , 
demonstrating its effectiveness in reconstructing local spectral variations. However, its 
spectral MSE increases to 1.837 × 10−6  compared with the baseline model. The O-Spssc 
model exhibits spectral MSE and spectral-shape MSE values of 1.932 × 10−6  and 6.840 × 10−8 , 
respectively, which are slightly higher than those of the F-Wssc model. This indicates that 
progressively introducing the spectral-shape constraint within a single training stage does 
not necessarily improve both global spectral accuracy and local spectral-shape reconstruc-
tion. In comparison, the proposed T-Spssc model achieves the lowest spectral MSE of 
1.795 × 10−6  among the four approaches, corresponding to a reduction of approximately 
0.17%, 2.29%, and 7.09% compared with the baseline, F-Wssc, and O-Spssc models, re-
spectively. Its spectral-shape MSE is also reduced by approximately 11.00% relative to 
the baseline. Although its spectral-shape MSE remains higher than those of F-Wssc and 
O-Spssc, T-Spssc provides the best overall spectral prediction accuracy, demonstrating the 
advantage of separating initial spectral-amplitude learning from subsequent progressive 
spectral-shape optimization.

Furthermore, T-Spssc exhibits a spectral MSE standard deviation of 0.065 × 10−6  across 
the five random seeds, indicating relatively consistent prediction performance. In terms 
of computational cost, the mean training times of the baseline, F-Wssc, O-Spssc, and T-
Spssc models are 557, 579, 490, and 443 s, respectively, while their inference times remain 
comparable at 0.253–0.256 μs per sample. These results suggest that the proposed two-stage 
strategy provides a favorable balance between global spectral prediction accuracy and local 
spectral-shape reconstruction without increasing inference complexity.

To investigate the sensitivity of spectral prediction performance to the progressive 
spectral-shape weighting schedule, five configurations were evaluated by varying the ramp 
duration and weighting function. The warm-up duration and maximum spectral-shape loss 
weight were fixed at 20 epochs and 1.8, respectively. Specifically, linear schedules with ramp 
durations of 50, 100, and 200 epochs were compared with cosine and quadratic schedules 
using a 100-epoch ramp. All experiments employed the same dataset partition, network 
architecture, and training settings, and were evaluated on the same 1944 test samples. The 
results are summarized in Table 4.
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Table 4. Sensitivity analysis of different progressive spectral-shape weighting schedules.

Weighting 
Schedule

Ramp 
(Epochs)

Spectral MSE 
(×10−6 )

Spectral MAE 
(×10−3 )

Spectral Shape 
MSE (×10−7 )

Linear 50 2.52228 1.16759 1.14112
Linear (Adopted) 100 2.50456 1.16304 1.10766

Linear 200 2.52200 1.16739 1.17857
Cosine 100 2.50457 1.16303 1.10836

Quadratic 100 2.50629 1.16355 1.12027
Note: The warm-up duration and maximum spectral-shape loss weight were fixed at 20 epochs and 
1.8, respectively. “Adopted” denotes the linear schedule used in the proposed T-Spssc model.

As shown in Table 4, the spectral MSE varies by less than 0.71% across the five weight-
ing schedules, indicating relatively stable overall spectral prediction accuracy under the 
investigated configurations. In contrast, the spectral-shape MSE exhibits greater sensitivity 
to the ramp duration. Compared with the adopted 100-epoch linear schedule, reducing the 
ramp duration to 50 epochs increases the spectral-shape MSE by 3.02%, while extending it to 
200 epochs results in an increase of 6.40%. This suggests that the ramp duration plays a more 
pronounced role in local spectral-shape reconstruction than in overall spectral-amplitude 
prediction. When the ramp duration is fixed at 100 epochs, the linear, cosine, and quadratic 
schedules yield closely comparable prediction errors, indicating a relatively limited influ-
ence of the weighting function. Among the five configurations, the adopted 100-epoch linear 
schedule achieves the lowest spectral MSE and spectral-shape MSE, supporting its selection 
for the proposed T-Spssc model. These findings demonstrate that the progressive weighting 
strategy maintains stable global spectral prediction accuracy across the examined schedules, 
while the ramp duration has a greater influence on local spectral-shape reconstruction.

4.3. Analysis of Prediction Results for the Test Samples
To verify the generalization capability of the developed ANN model for samples 

not involved in training, a test set completely independent of the training and validation 
sets is used to evaluate the predictive performance of the model. Figure 8 presents four 
representative test samples with different spectral characteristics and compares the reflection 
spectra predicted by the two-stage progressive spectral shape constraint model with the 
FDTD-simulated spectra.

As shown in Figure 8, over the wavelength range of 800–2200 nm, the ANN-predicted 
curves for all test samples closely overlap with the FDTD-simulated spectra. The number 
and positions of the reflection dips, as well as the overall spectral line shapes, are accurately 
reproduced, indicating good agreement between the predicted and true spectra over the 
entire target wavelength range. These results demonstrate that the model can not only 
reproduce the overall spectral profiles but also describe in relatively fine detail the local 
spectral variations caused by resonance behavior.

It should be noted that sharp resonance features impose greater demands on the 
predictive capability of the model. Such resonances have narrow linewidths and steep 
spectral profiles, and small variations in the geometric parameters can cause significant 
changes in the spectral shape. Therefore, the ability to accurately reproduce these features is 
an important criterion for evaluating the nonlinear fitting capability of the model. As shown 
in Figure 8b,d, the model maintains high fidelity when reproducing these sharp resonance 
features. No obvious systematic deviation is observed between the predicted spectra and 
the FDTD-simulated spectra; that is, the errors do not exhibit a regular shift in a consistent 
direction. This further demonstrates the good performance of the model in learning the 
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highly nonlinear mapping relationship between the geometric parameters and optical 
responses and also indicates its good stability and robustness in complex spectral scenarios.

Figure 8. Comparison of reflection spectra predicted by the ANN model and those simulated by 
FDTD for representative structures in the test set. The corresponding structural parameters are 
(a) r1  = 50 nm, r2  = 90 nm, S1  = 50 nm, S2  = 130 nm, h = 225 nm; (b) r1  = 130 nm, r2  = 130 nm, 
S1  = 30 nm, S2  = 130 nm, h = 200 nm; (c) r1  = 90 nm, r2  = 110 nm, S1  = 50 nm, S2  = 50 nm, h = 200 nm;
(d) r1  = 30 nm, r2  = 110 nm, S1  = 50 nm, S2  = 50 nm, h = 200 nm.

To quantitatively evaluate the prediction accuracy and stability of the model, the dis-
tributions of the MSE and MAE values for all test samples are further analyzed. Figure 9 
presents histograms of the sample-wise errors of the final model for the 1944 test sam-
ples. The horizontal axes represent the MSE and MAE of each individual sample over the 
400 wavelength points, while the vertical axes represent the number of samples with errors 
falling within the corresponding intervals. As shown in Figure 9a, the MSE values of the vast 
majority of the test samples are concentrated in the low-error range close to zero, indicating 
that the model achieves high spectral prediction accuracy for most of the grid-based test 
structures. Similarly, the MAE values in Figure 9b are mainly distributed within a relatively 
low numerical range and exhibit a comparatively concentrated distribution. The calculated 
mean squared error and mean absolute error of the model on the test set are 2.50 × 10−6 
and 1.16 × 10−3 , respectively, indicating that the average prediction deviations of the model 
across different test samples are relatively small. The combined MSE and MAE distributions 
demonstrate that the model achieves high prediction accuracy and good sample-to-sample 
stability within the original discrete parameter space.

https://doi.org/10.3390/photonics13111043

https://doi.org/10.3390/photonics13111043


Photonics 2026, 13, 1043 17 of 24

Figure 9. Per-sample prediction-error distributions of the final model on the grid-based test set. 
(a) MSE per sample; (b) MAE per sample.

4.4. Generalization Performance of the Model for Structures Outside the Dataset
To further evaluate the predictive capability of the developed ANN model for unseen 

structures, Latin hypercube sampling is employed to generate off-grid structures within the 
predefined parameter ranges that are not included in the original dataset. The resulting 
independent off-grid test set is not used for model training or validation, normalization-
parameter fitting, or loss-weight adjustment. As shown in Figure 10, the reflection spectra 
predicted by the ANN for the samples outside the dataset are compared with the corre-
sponding FDTD-simulated reflection spectra. Over the wavelength range of 800–2200 nm, 
the ANN predictions are highly consistent with the FDTD simulation results. The model 
accurately predicts the positions of the main reflection dips, the minimum reflectance values, 
and the overall variation trends of the reflection spectra, indicating that it can effectively pre-
serve the overall variation patterns of the reflection spectra. These results also demonstrate 
that the model can apply the structure–spectrum mapping learned from the discrete dataset 
to unsampled off-grid parameter combinations within the predefined parameter ranges.

To further quantitatively evaluate the prediction accuracy for off-grid structures, the 
MSE and MAE were calculated for all 200 independent samples by comparing the ANN-
predicted reflectance spectra with the corresponding FDTD results. As shown in Figure 11, 
both error distributions are mainly concentrated in the lower-error regions, with relatively 
few samples exhibiting larger deviations. The average MSE and MAE across the 200 sam-
ples were 1.84 × 10−5  and 3.37 × 10−3 , respectively. These results provide a quantitative 
assessment of the model’s predictive performance for previously unsampled structural 
parameter combinations.

In summary, the developed model also exhibits good generalization capability for 
off-grid structures within the predefined parameter ranges that are not involved in train-
ing, and it can be used to rapidly predict their overall reflection spectra and absorptance 
variation trends. Combined with the aforementioned relationship between absorptance 
and reflectance, the model enables rapid prediction of the absorption performance of the 
metasurface, providing effective technical support for the rapid design and optimization of 
high-performance broadband metasurface absorbers.

4.5. ANN-Assisted Screening and Performance Analysis of High-Performance Absorber Structures
To further evaluate the predictive capability of the proposed ANN model in broadband 

absorber screening, four representative structures were selected based on their absorption 
performance. The trained ANN was used to predict the absorption spectra of candidate 
structures over the wavelength range of 800–2200 nm. The candidates were evaluated in 
terms of mean absorptance, high-absorption coverage ratio, and maximum continuous high-
absorption bandwidth. Specifically, Design A was selected for its high mean absorptance, 
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while Design B was selected for its high absorption coverage and wide continuous high-
absorption band. Design C represents a favorable balance between mean absorptance and 
continuous high-absorption bandwidth, whereas Design D provides a representative off-
grid structure exhibiting broadband absorption. The absorption characteristics of the four 
selected designs were subsequently verified using FDTD simulations, and the corresponding 
spectra are presented in Figure 12.

Figure 10. Comparison between ANN-predicted and FDTD-simulated reflection spectra for four off-
grid structures. The corresponding structural parameters are (a) r1  = 112 nm, r2  = 91 nm, S1  = 111 nm, 
S2  = 91 nm, h = 200 nm; (b) r1  = 110 nm, r2  = 70 nm, S1  = 110 nm, S2  = 90 nm, h = 177 nm; 
(c) r1  = 98.6 nm, r2  = 56.3 nm, S1  = 72.1 nm, S2  = 110.6 nm, h = 197.9 nm; (d) r1  = 127.4 nm, 
r2  = 41.7 nm, S1  = 86.9 nm, S2  = 83.5 nm, h = 219.8 nm.

Figure 11. Distributions of the prediction errors for 200 independent off-grid samples. (a) mean 
squared error (MSE); (b) mean absolute error (MAE).
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Figure 12. FDTD-simulated absorption spectra of four representative high-performance absorber 
structures. The corresponding structural parameters are: Design A: r1  = 50 nm, r2  = 70 nm, S1  = 70 nm, 
S2  = 90 nm, h = 200 nm; Design B: r1  = 110 nm, r2  = 130 nm, S1  = 50 nm, S2  = 30 nm, h = 125 nm; 
Design C: r1  = 50 nm, r2  = 50 nm, S1  = 90 nm, S2  = 90 nm, h = 200 nm; Design D: r1  = 127.4 nm, 
r2  = 41.7 nm, S1  = 86.9 nm, S2  = 83.5 nm, h = 219.8 nm.

As shown in Figure 12, all four structures exhibit good broadband absorption character-
istics, although they emphasize different aspects of performance. The average absorptances 
of Design A and Design C over the wavelength range of 800–2200 nm reach 97.64% and 
97.63%, respectively, demonstrating high overall absorption levels. The high-absorption 
coverage ratios of Design B and Design C reach 98.21% and 94.36%, respectively, and 
their corresponding maximum continuous high-absorption bandwidths are 1375 nm and 
1321 nm, respectively, demonstrating good continuous broadband absorption performance. 
Design D has an average absorptance of 95.25%, and its absorptance remains no lower than 
90% over the approximate wavelength range of 1000–2200 nm, corresponding to a maximum 
continuous high-absorption bandwidth of approximately 1200 nm. The average absorp-
tance and continuous high-absorption bandwidth predicted by the ANN are calculated by 
the program to be 95.18% and 1202 nm, respectively, showing good agreement with the 
FDTD validation results. This further demonstrates that the model can assist in identifying 
candidate structures with good broadband absorption performance.

The above results demonstrate that the composite unit consisting of square and circular 
resonant rings can maintain high absorptance over a broad wavelength range through 
the cooperative interaction between different localized resonance modes, exhibiting good 
broadband absorption performance and structural-parameter tunability. By adjusting the 
geometric parameters of the two types of resonant units, absorber structures with different 
advantages in terms of overall absorption level and continuous high-absorption bandwidth 
can be obtained. The developed ANN model enables rapid spectral prediction and perfor-
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mance evaluation of candidate structures, providing an effective data-driven strategy for 
the efficient optimization and design of other composite-resonant metasurface absorbers.

To quantitatively evaluate the proposed absorber, the performance metrics of Design 
C are compared with those of representative broadband optical absorbers reported in the 
literature. The comparison focuses on the evaluation wavelength range, mean absorptance, 
continuous wavelength interval with absorptance above 90%, and the corresponding con-
tinuous bandwidth, as summarized in Table 5. Because the evaluation ranges adopted 
in different studies are not identical, the reported mean absorptance values should be 
interpreted within their respective wavelength intervals.

Table 5. Comparison of Design C with representative broadband optical absorbers.

Reference Evaluation Range (nm) Mean 
Absorp-tance

Continuous Band 
with A ≥ 90% (nm)

Continuous 
Bandwidth (nm)

Ding et al. [44] NR NR 900–1825 925
Ran et al. [45] approximately 630–1500 >96% 640–1500 860
Liu et al. [40] 630–2900 94.60% 630–2900 2270

This work, Design C 800–2200 97.63% 879–2200 1321
Note: NR indicates that the corresponding value was not explicitly reported in the original publi-
cation. The mean absorptance values were calculated over the evaluation ranges specified in the 
respective studies.

As shown in Table 5, Design C achieves a mean absorptance of 97.63% over 800–2200 nm 
and maintains A ≥ 90% from 879 to 2200 nm, corresponding to a continuous bandwidth 
of 1321 nm. Its mean absorptance exceeds the reported values of the selected reference 
absorbers, while its continuous bandwidth is greater than those reported by Ding et al. and 
Ran et al. Although Liu et al. reported a broader continuous absorption band, Design C 
exhibits a higher mean absorptance within its respective evaluation range. Because the 
studies adopted different evaluation wavelength ranges, this comparison is meant to show 
overall performance rather than establish a definitive ranking among the absorbers.

Table 6 compares the spectral computation times of the ANN and FDTD. For the 
same 200 structures, the time required by the ANN to obtain the 400-point reflection 
spectra is considerably shorter than that required by the FDTD electromagnetic simulations, 
resulting in an approximately 140-fold improvement in computational efficiency. This result 
demonstrates that the trained ANN can rapidly predict the spectral responses corresponding 
to the structural parameters and has good practical value for the evaluation of large numbers 
of candidate structures and the screening of high-performance absorbers.

Table 6. Comparison of computational efficiency between ANN and FDTD.

Method Number of 
Structures

Spectral Points per 
Structure

Average Time per 
Structure (s)

FDTD electromagnetic simulation 200 400 21.64
ANN prediction 200 400 0.154

It should be noted that the approximately 140-fold speedup refers specifically to the 
spectral prediction stage using the trained ANN model. The initial computational cost also 
includes FDTD dataset generation, neural-network training, and additional electromagnetic 
simulations for structural validation. Based on the average FDTD simulation time of 21.64 s 
per structure, generating the original dataset of 6480 structures requires approximately 
38.95 h of simulation time, while the neural-network training process takes approximately 
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1 h. The additional cost of FDTD-based validation should also be considered when evaluat-
ing the complete computational workflow. Nevertheless, once the ANN model has been 
trained, it enables repeated spectral predictions without requiring full electromagnetic 
simulations for every candidate structure. Thus, the reported acceleration characterizes 
the inference efficiency of the trained model rather than the overall computational cost of 
model development.

4.6. Robustness Analysis of the Representative Absorber
To evaluate the robustness of the broadband absorption performance against fabrication-

induced dimensional variations, Design C was selected as a representative structure be-
cause of its favorable combination of high mean absorptance and broad continuous high-
absorption bandwidth. The four lateral geometric parameters, r1 , r2 , S1 , and S2 , were 
simultaneously varied by −10, −5, 0, +5, and +10 nm, while the resonator thickness h 
was kept unchanged. The corresponding absorption spectra were calculated using FDTD 
simulations to examine the effects of systematic dimensional deviations.

As shown in Figure 13, Design C maintains a broadband high-absorption response 
under the investigated dimensional deviations. The mean absorptance ranges from approx-
imately 96.85% to 97.63%, while the maximum continuous bandwidth with absorptance 
above 90% remains approximately 1.32–1.33 μm. Only minor shifts in the short-wavelength 
boundary of the high-absorption band are observed. These results demonstrate that the 
broadband absorption characteristics are well maintained under systematic lateral dimen-
sional variations of up to ±10 nm.

The polarization and angular responses of Design C were further investigated under 
transverse-electric (TE) and transverse-magnetic (TM) polarized illumination at incidence 
angles ranging from 0° to 50°. The corresponding absorption spectra are presented in Figure 14.

As shown in Figure 14, the TE- and TM-polarized absorption spectra nearly coincide 
at normal incidence, indicating a weak polarization dependence under normal illumination. 
As the incidence angle increases, the broadband absorption characteristics are largely 
maintained up to approximately 30°. For TE polarization, the mean absorptance decreases 
from 97.82% at 0° to 95.65% at 30°, while the corresponding values for TM polarization 
are 97.82% and 93.64%, respectively. At 40°, the mean absorptance remains at 93.16% for 
TE polarization and 90.18% for TM polarization. These results demonstrate that Design C 
maintains high broadband absorption performance under both polarization states over a 
relatively wide range of incidence angles, particularly within 0–30°.

Figure 13. FDTD-simulated absorption spectra of Design C under different lateral dimensional 
deviations. The parameters r1 , r2 , S1 , and S2  were simultaneously varied by −10, −5, 0, +5, and 
+10 nm, while h remained unchanged.
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Figure 14. FDTD-simulated absorption spectra of Design C at different incidence angles under (a) TE 
and (b) TM polarization. The dashed line indicates an absorptance of 90%.

5. Conclusions
To address the complex parameter–response relationship and low design efficiency of 

near-infrared MIM metasurface absorbers, this study proposes an ANN-assisted design 
method incorporating a two-stage progressive spectral shape constraint. The main con-
clusions are as follows. Through the cooperative interaction between different localized 
resonance modes, the designed composite resonant unit consisting of square and circu-
lar rings achieves good broadband absorption performance over the wavelength range of 
800–2200 nm and exhibits good parameter tunability. An MLP (ReLU + Adam) forward 
prediction model is constructed using 6480 sets of FDTD structure–spectrum data. Through 
two-stage progressive training that learns the spectral amplitude first and then the spectral 
shape, the model achieves an MSE of 2.50 × 10−6  and an MAE of 1.16 × 10−3  on 1944 grid-
based test samples while reducing the spectral shape MSE by 18.98% compared with the 
baseline model. These results indicate that the proposed strategy effectively improves the 
fitting capability for local spectral shapes, including peaks, valleys, and variation trends, 
while maintaining the accuracy of the overall spectral amplitude. The model is subsequently 
used for rapid spectral prediction and performance evaluation of candidate structures, fol-
lowed by FDTD validation. Four representative broadband absorber structures are obtained, 
with the highest average absorptance reaching 97.64% and the maximum continuous high-
absorption bandwidth reaching 1375 nm, thereby verifying the potential of the composite 
resonant structure for broadband absorption regulation. The ANN requires approximately 
0.154 s to predict a single structure and is approximately 140 times as computationally 
efficient as FDTD, significantly reducing the spectral computation time required for large 
numbers of candidate structures.

In summary, the developed ANN-assisted design method jointly considers spectral 
prediction accuracy and spectral shape fidelity, effectively improving the efficiency of spec-
tral prediction and structural screening for near-infrared broadband metasurface absorbers. 
It provides an efficient data-driven design approach for composite-resonant MIM metasur-
face absorbers.
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