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ABSTRACT

Translucent materials are widely used in micro-optical components, and related optically transmissive structures, where 

surface three-dimensional morphology directly influences optical transmission efficiency and interfacial reliability. Struc

tured Illumination Microscopy (SIM), with its optical sectioning capability, is an important technique for 3D measurement 

of transparent and translucent materials. However, their inherently low reflectivity often reduces fringe modulation 

contrast, making weak fringes difficult to resolve. Moreover, refractive-index inhomogeneity can induce uncontrolled 

fringe phase shifts, which further amplify fringe frequency deviations caused by DMD projection offsets and optical-path 

misalignment, degrading 3D reconstruction stability and limiting high-throughput, real-time inspection. To address these 

issues, this study proposes a single-frame U-Net reconstruction framework integrating a Squeeze-and-Excitation (SE) 

module and a Transformer Bottleneck (TB) for global dependency modeling. A physics-informed Frequency Perturbation 

Augmentation (FPA) strategy is further introduced to improve weak-fringe parsing and reconstruction robustness. Trained 

on 8,542 pairs of structured illumination and optically sectioned images, the proposed method significantly improves 

imaging quality while reducing reconstruction time, achieving about an eightfold acceleration. It provides an efficient, 

scalable solution for high-throughput 3D surface morphology reconstruction of transparent and translucent materials 

under weakly modulated imaging conditions.

KEYWORDS

structured illumination microscopy, transparent and translucent materials, 3D surface metrology, U-Net, attention 

mechanism

INTRODUCTION

Transparent materials, owing to their excellent optical transmittance, are widely used in optoelectronic 

devices such as integrated circuit packaging, optical lenses, and optical fibers. The surface morphology of 
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transparent and translucent materialsplays a critical role in determining device performance, coating unifor

mity, and interfacial quality. However, due to their high transmittance and low reflectance, Optical Sectioning 

Structured Illumination Microscopy (OS-SIM) often fails to produce stable fringe modulation signals on such 

surfaces. Moreover, the illumination pattern is prone to fringe phase shift across the field of view, resulting 

in reduced image contrast, insufficient signal-to-noise ratio, and poor reconstruction robustness, thereby 

limiting its application in 3D surface morphology reconstruction of transparent samples [1], [2]. In this study, 

“reconstruction robustness” refers to the resilience of the reconstruction results to fringe phase shifts, fringe 

period deviations, and noise perturbations, as reflected by the continuity of the optically sectioned structure 

and the consistency of peak localization in Adaptive Reference Search (ARS).

Conventional 3D inspection methods mainly rely on geometric or physical modeling. The refractive-geometry 

reconstruction method based on ray tracing proposed by Kutulakos et al. can theoretically recover the surface 

morphology of transparent objects, but it is computationally demanding and requires stringent experimental 

conditions [3]. Murase et al. inverted surface normals of transparent media through optical-flow estimation, 

but the method is only applicable to specific refractive environments [4]. Although the invasive inspection 

method of Aberman et al. can achieve high accuracy, it compromises sample integrity [5]. Terahertz ghost 

imaging by Olivieri et al. and the mid-infrared thermographic approach developed by Fraunhofer IOF have 

shown progress in small-sample inspection; however, both methods involve complex instrumentation and 

high cost [6]. Meanwhile, existing CNN-based SIM reconstruction methods still struggle to maintain accuracy 

when applied to transparent samples [7]. Overall, current techniques are either constrained by hardware 

requirements or exhibit pronounced trade-offs among accuracy, robustness, and high-throughput inspection 

capability [8].

It is worth noting that although HiLo-based structured illumination microscopy performs well in terms of 

optical sectioning quality, its reconstruction pipeline inherently depends on multi-frame phase-shift demod

ulation and axial scanning. Specifically, in a typical HiLo imaging process, at least two images with different 

illumination conditions—uniform illumination and fringe illumination—must be acquired at each focal plane, 

and optically sectioned reconstruction is then performed through frequency-domain filtering and contrast 

computation [9]. This process involves pixel-wise peak fitting and frequency-domain operations, and its 

computational complexity increases approximately linearly with image size and the number of scanned layers, 

resulting in a relatively long overall reconstruction time.
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In industrial scenarios such as micro-optical component fabrication, reconstruction is often required at mil

lisecond-level speed to enable continuous in-line monitoring and rapid defect identification [10]. Multi-frame 

acquisition not only increases sampling time but also imposes stricter requirements on system stability. When 

slight vibration or dynamic variation is present, multi-frame fusion can easily introduce artifacts. Therefore, 

reducing the number of acquired frames and the computational complexity while maintaining measurement 

accuracy remains a key challenge in 3D surface morphology reconstruction of transparent materials.

In recent years, deep learning has been introduced into the field of structured illumination microscopy recon

struction. For example, Chai proposed a deep-learning-based one-shot structured illumination reconstruction 

method that enabled relatively fast surface measurement [11]. However, this method was primarily designed 

for general reflective samples, and its training data were derived from structured illumination images acquired 

under ideal modulation conditions, which limits its adaptability to transparent-material scenarios character

ized by high transmittance and low modulation depth. In addition, most existing deep-learning-based SIM 

methods still rely on multi-frame inputs or do not adequately account for physical characteristics specific to 

transparent materials, such as fringe phase shifts and modulation attenuation. Therefore, the development of 

a physics-consistent single-frame reconstruction framework tailored to the weakly modulated fringe charac

teristics of transparent materials remains of considerable research significance.

Motivated by the above analysis, this study proposes a single-frame U-Net reconstruction method that inte

grates an attention mechanism with global dependency modeling. Specifically, a Squeeze-and-Excitation (SE) 

module and a lightweight Transformer Bottleneck (TB) are incorporated into the network to enhance fringe 

modulation representation and capture long-range spatial dependencies, respectively, thereby improving 

both the expression of structural details and the global consistency of surface morphology during reconstruc

tion [12], [13]. In addition, a Frequency Perturbation Augmentation (FPA) strategy is designed, in which ±5% 

spatial frequency perturbations are applied to the input structured illumination images during training to 

simulate the period deviation and angular errors commonly encountered in digital micromirror device (DMD) 

projection [14], [15]. Although transparent and translucent materials differ in their optical scattering mecha

nisms, the present work does not classify samples according to material taxonomy itself. Instead, the proposed 

framework is driven by shared degradation patterns observed in reflective OS-SIM, including weak fringe 

modulation, phase perturbation, and fringe-frequency mismatch. When transparent surfaces and weakly 

scattering/translucent samples generate similarly degraded raw fringe observations under low-reflectivity 
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conditions, they can be reconstructed using a unified degradation-driven model. Experimental results show 

that the proposed method significantly improves imaging quality, substantially reduces reconstruction time 

compared with conventional approaches, and exhibits superior robustness and generalization under complex 

sample conditions. These results demonstrate that the proposed framework provides an efficient single-frame 

solution for real-time 3D surface morphology reconstruction of transparent materials.

METHODS

Optical-sectioning Structured Illumination Microscopy

As shown in Fig.1, an Optical Sectioning Structured Illumination Microscopy (OS-SIM) system was developed 

based on a digital micromirror device (DMD; DLP LightCrafter 6500, Texas Instruments). The illumination 

module adopts a Köhler illumination configuration, in which the condenser aperture diaphragm and field 

diaphragm are adjusted to provide uniform and controllable illumination, thereby optimizing both illumination 

intensity and imaging field of view. The system employed an incoherent green LED illumination source with 

a center wavelength of 518 nm, and the light was directed to the DMD panel by a total internal reflection 

(TIR) prism. Acting as a fringe pattern generator, the DMD enables high-speed modulation and projection of 

structured illumination patterns with different spatial frequencies and phases.

The modulated beam is then coupled through a tube lens and a beam-splitting prism into the objective lens 

(20×, NA 0.45, Nikon), which projects the structured light field onto the sample surface with high fidelity. 

Axial displacement of the objective is realized using a high-precision objective scanning stage (P-721, Physik 

Instrumente), allowing the acquisition of a stack of structured-illumination wide-field images at different focal 

planes. All images are captured by a high-speed CMOS camera (acA1920-155 µm, Basler), providing a balance 

between high spatial resolution and a sufficiently large field of view [16].

Figure 1. Schematic of the custom-built optical sectioning structured illumination microscopy (OS SIM) system

https://doi.org/10.31881/TLR.2026.2629 2632 



 LEI Z et al. TEXTILE & LEATHER REVIEW | 2026 | 9 | 2629-2654 

A digital micromirror device (DMD) is used to generate structured illumination patterns, which are projected 

onto the sample through a microscope objective. Axial scanning enables the acquisition of structured illumi

nation image stacks for three-dimensional surface reconstruction

As shown in Fig.2, which presents a photograph of the OS-SIM system, the acquired images in this setup have a 

resolution of 512 × 512 pixels, a pixel size of 0.325 μm/pixel, and a bit depth of 12 bits. The spatial frequency of 

the projected fringes is set to 0.85 times the system cutoff frequency, which was estimated from the objective 

numerical aperture (NA = 0.45) and the illumination wavelength (518 nm), corresponding to a fringe period 

of approximately 7.2 μm on the sample surface. For a high-reflectivity standard grating sample, the fringe 

modulation depth is approximately 18%–22%. In contrast, for transparent samples, most of the incident light 

is transmitted, and only weak Fresnel reflection contributes to image formation. As a result, the modulation 

depth decreases significantly to 6%–10%, accompanied by a strong scattering background.

Figure 2. Photograph of the Optical Sectioning Structured Illumination Microscopy (OS-SIM) system
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To illustrate the characteristics of the network input, Fig.3 presents representative imaging results acquired 

by the OS-SIM system. As shown in Fig.3(a), the raw single-frame fringe image of a microlens array sample 

was captured under structured illumination. Because the surface reflectivity of the transparent material is 

low, only weak Fresnel reflection contributes to image formation, resulting in low fringe modulation depth 

and generally weak image contrast. Fig.3(b) shows a magnified view of the region marked by the red box in 

Fig.3(a), in which the structured illumination fringes can be observed more clearly. Owing to the influence of 

surface microstructures and local refractive-index variations, the fringes exhibit slight fringe phase shifts and 

contrast fluctuations in some regions.

Fig.3(c) presents the optically sectioned image reconstructed using the HiLo method, which serves as the 

reference labelfor network training. Compared with the raw fringe image, the optically sectioned result 

effectively suppresses background scattering and enhances the contrast of surface structures. However, its 

reconstruction process requires multi-frame demodulation and frequency-domain computation, leading to 

substantial computational overhead. As shown in Fig.3(d), refractive-index gradients and microscopic surface 

undulations in the transparent material introduce regional fringe phase shifts and fringe frequency deviation, 

causing variations in the fringe period across the field of view. These effects reduce reconstruction robustness 

in 3D reconstruction and ultimately degrade the reconstruction performance.

Figure 3. Representative images acquired by the OS-SIM system .(a) Raw single-frame structured illumination image of a microlens array 

sample.(b) Enlarged view of the region marked in (a), showing weak modulation fringes.(c) Optical section reconstructed using the HiLo 

method, used as the reference labels for network training. (d)Grayscale intensity profile extracted along the line indicated in Fig. (b), 

showing regional fringe phase shifts and local variations in peak spacing
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The core idea of OS-SIM is to enhance image contrast using spatial fringe modulation, perform optical 

sectioning via multi-frame phase-shift demodulation, and then obtain a tomographic stack through axial 

scanning [1,2]. Under ideal conditions, a single-frame fringe image can be expressed as:

𝐼(𝑥, 𝑦, 𝑧) = 𝐼0(𝑥, 𝑦, 𝑧)[1 + 𝑚(𝑥, 𝑦, 𝑧) cos(2𝜋𝑓(𝑥 cos 𝜃 + 𝑦 sin 𝜃) + 𝜙(𝑥, 𝑦, 𝑧))] (1)

where 𝐼0(𝑥, 𝑦, 𝑧) is the background intensity, 𝑚(𝑥, 𝑦, 𝑧) denotes the local fringe modulation depth, 𝑓 is the

spatial frequency, 𝜃 is the fringe orientation angle, and 𝜙(𝑥, 𝑦, 𝑧) is the phase term. For transparent materials, 

weak reflective signals and local optical-path variations may degrade demodulation stability.

In OS-SIM 3D reconstruction, the axial response signal (ARS) of each pixel can be approximated by a Gaussian 

distribution:

𝑚(𝑧) = 𝑟 exp(−( 𝑧 − 𝑧𝑎
FWHM

)
2
) (2)

[20].

(2) Local optical-path variation introduces fringe phase shifts across the field of view..

(3)

whre is the axial peak position, represents the axial resolution of the system, and 𝑟 is the peak modulation

 amplitude coefficient. The ARS algorithm recovers the sample surface height by localizing this peak. When

 fringe modulation decreases, the ARS peak becomes less distinguishable and can be easily buried in noise, 

thereby degrading 3D surface reconstruction accuracy.[17][18][19]

Therefore, three key challenges arise in the imaging of transparent materials:

(1) Weak fringe modulation under low-reflectivity conditions makes accurate ARS peak localization difficult.

Refractive-index inhomogeneity may aggravate fringe-frequency mismatch induced by projection and

optical-path errors [19], [21], [22].

Network Architecture for Single-frame Reconstruction

To address the three key challenges described above, this study introduces both a Squeeze-and-Excitation (SE) 

module and a Transformer Bottleneck (TB) into the baseline U-Net architecture for targeted enhancement. 

The proposed SE-Transformer U-Net for single-frame reconstruction is illustrated in Fig.4. The network takes 

a single structured illumination image 𝐼(𝑥, 𝑦) as input and outputs the corresponding optically sectioned 
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image 𝑆(𝑥, 𝑦) at the focal plane. The overall architecture consists of components: an encoder, a Transformer 

bottleneck layer, and a decoder. The encoder is used to extract local fringe and edge features, the TB module 

captures global spatial dependencies and enables cross-region information interaction, and the decoder 

progressively restores spatial resolution to generate a high-quality optically sectioned result.

The network design is motivated by two key considerations:

(1) SE channel attention module: By exploiting global channel-wise statistical information, the SE module

adaptively recalibrates feature channels, enhancing the responses of channels closely related to struc

tured illumination fringe modulation while suppressing channels dominated by background noise. In this

way, the effective signal-to-noise ratio of weakly modulated fringes is improved in the feature domain,

which enhances the ability of the subsequent decoding stages to recover low-contrast structures.

(2) Transformer Bottleneck (TB) module: The TB module is introduced at the compressed bottleneck layer

to enable cross-region information interaction, thereby improving the network’s ability to characterize

global phase consistency and periodic structural continuity, while mitigating spatial distortion caused by

local fringe phase shifts.

Figure 4. Architecture of the proposed SE-Transformer U-Net network. The network consists of an encoder–Transformer bottleneck–

decoder structure with skip connections. Squeeze-and-Excitation (SE) modules and a lightweight Transformer bottleneck are integrated 

to enhance weak modulation features and capture global spatial dependencies
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Let the input feature map be 𝑋 ∈

Weak-modulation Enhancement Using the SE Module

To enhance weakly modulated fringe features, an SE module is introduced after each convolutional block to 

enhance the responses of feature channels closely associated with structured illumination fringe modulation. 

Specifically, the module first extracts channel-wise statistical information through global average pooling and 

then learns a channel weight vector for feature recalibration [12]. As shown in Fig.5, the Transformer bottle-

neck is integrated with the CNN backbone through a CNN–Transformer fusion scheme, enabling effective 

interaction between local convolutional features and global contextual representations.

𝑅𝐶×𝐻×𝑊 . The SE module first compresses spatial information through

global average pooling to compute channel-wise statistics:

𝑧𝑐 =
1

𝐻 ×𝑊
∑
𝐻

𝑖=1
∑
𝑊

𝑗=1
𝑋𝑐(𝑖, 𝑗), 𝑐 = 1, 2,…,𝐶 (3)

The resulting vector is then fed into a bottleneck structure consisting of two fully connected layers to capture 

nonlinear inter-channel relationships:

𝑠 = 𝜎(𝑊2 ⋅ 𝛿(𝑊1 ⋅ 𝑧)) (4)

where 𝑊1 ∈ 𝑅𝐶/𝑟×𝐶 and 𝑊2 ∈ 𝑅𝐶×𝐶/𝑟 are the weight matrices for dimensionality reduction and expan

sion, respectively; 𝛿(⋅) denotes the ReLU activation function; 𝜎(⋅) denotes the Sigmoid activation function; 

and 𝑟 is the channel reduction ratio. Finally, the excitation vector 𝑠 ∈ 𝑅𝐶 is used as attention weights to re-

scale the original feature channels:

𝑋̃𝑐 = 𝑠𝑐 ⋅ 𝑋𝑐, ∀𝑐 = 1, 2,…,𝐶 (5)

Through this mechanism, the SE module adaptively enhances key channels related to fringe modulation while 

suppressing noise-dominant channels, thereby improving the effective signal-to-noise ratio of fringe features 

in the learned feature space.
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Global phase-consistency modeling with the Transformer Bottleneck

To mitigate fringe phase shifts caused by spatial displacement arising from refractive-index gradients and 

microscopic surface undulations, a lightweight Transformer Bottleneck (TB) module is introduced into the 

bottleneck layer of the U-Net. By leveraging self-attention to model long-range spatial dependencies, the 

module enhances the network’s ability to capture global phase consistency and periodic structural continuity, 

while reducing spatial distortion induced by local fringe phase shifts and pattern deformation [13].

Specifically, let the bottleneck convolutional feature map be 𝐹 ∈ 𝑅𝐻×𝑊×𝐶 . We first reshape it into a

sequence 𝑋 ∈ 𝑅𝑁×𝐶 with ( 𝑁 = 𝐻 ×𝑊 ), and then compute global correlations among features using

Multi-Head Self-Attention (MHSA):

Attention (𝑄,𝐾, 𝑉 ) = Softmax (𝑄𝐾𝑇

√𝑑𝑘
)𝑉 (6)

where 𝑄 = 𝑋𝑊𝑄 , 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝑉 ; 𝑊𝑄 , 𝑊𝐾 , 𝑊𝑉 are learnable projection matrices; and 𝑑𝑘 is

the scaling factor. This mechanism models global dependencies by evaluating correlations among all spatial 

positions.

To maintain feature-scale consistency, we adopt the standard residual design with layer normalization (LN) 

and a feed-forward network (MLP). The Transformer Bottleneck can be written as:

𝑍1 = 𝑋 +MHSA (LN (𝑋)) (7)

𝑍2 = 𝑍1 +MLP (LN (𝑍1)) (8)

This structure integrates global information while preserving convolutional representations. Considering that 

CNNs remain advantageous in extracting local textures and high-frequency details, we do not fully replace 

the convolutional bottleneck with the Transformer. Instead, a complementary fusion strategy is adopted by 

concatenating the Transformer output feature 𝐹𝑇𝐵 with the convolutional bottleneck feature 𝐹𝐶𝑁𝑁 along

the channel dimension:

𝐹fusion = Concat (𝐹CNN, 𝐹TB) (9)
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The fused features are then integrated by a convolution layer and fed into the decoder. This design enables 

the network to balance local detail recovery and global structural consistency under weak modulation and 

fringe drift. Because self-attention is only applied at the spatially downsampled bottleneck, the additional 

computational overhead is limited and does not substantially increase inference time. The TB module models 

cross-region dependencies through global self-attention, thereby strengthening the global constraint on 

fringe periodicity under fringe phase shifts and pattern deformation, and ultimately improving demodulation 

consistency.

Frequency Perturbation Augmentation Strategy

To improve robustness against fringe-frequency mismatch, we propose a Frequency Perturbation Augmen

tation (FPA) strategy.

Specifically, during training, the input structured illumination images are subjected to spatial frequency 

perturbations within ±5% to emulate the period deviation and angular errors frequently observed in practice. 

The underlying rationale is to expose the network to samples with realistic perturbation patterns at the data 

Figure 5. Structure of the Transformer bottleneck and CNN-Transformer fusion scheme: (a) Structure of the Transformer bottleneck; 

(b) CNN-Transformer fusion scheme

level, thereby encouraging the learning of feature representations that are less sensitive to fringe frequency 
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variation. We note that real DMD tilt and optical-path misalignment may also introduce spatially varying 

distortions such as chirped fringes or small rotational deviations. In the present work, FPA is used as a first-

order approximation of the dominant fringe-period mismatch at the patch level, where slowly varying chirp 

or small angular deviation can be effectively represented as a local frequency offset.

In this work, simulated perturbation samples are used instead of real perturbed measurements for two 

reasons. First, simulated perturbations provide better controllability and repeatability, whereas real pertur

bations are influenced by multiple experimental factors, such as system conditions, temperature variation, 

and mechanical noise, making the perturbation magnitude and distribution difficult to control precisely. 

Second, this choice avoids additional hardware complexity. Generating real perturbed samples would require 

repeated tuning of DMD projection parameters or the intentional introduction of projection offsets, which 

would increase the experimental workload and may further compromise optical stability. By contrast, FPA can 

be implemented entirely in software without modifying the hardware setup, making it more portable and 

easier to generalize.

In the image domain, the fringe pattern can be modeled as a sinusoidally modulated signal:

𝐼(𝑥, 𝑦) = 𝐴(𝑥, 𝑦) + 𝐵(𝑥, 𝑦) ⋅ cos(2𝜋𝑥/𝑃) (10)

where 𝑃 denotes the fringe period, 𝑓 = 1/𝑃 is the spatial frequency, 𝐴(𝑥, 𝑦) is the background intensity, 

and 𝐵(𝑥, 𝑦) is the fringe modulation amplitude. In FPA, a perturbation factor 𝜖 ∈ [−0.05, 0.05]

is sampled to obtain a perturbed fringe image:

𝐼′(𝑥, 𝑦) = 𝐴(𝑥, 𝑦) + 𝐵(𝑥, 𝑦) ⋅ cos(2𝜋𝑥/(𝑃(1 + 𝜖))) (11)

These perturbed samples expose the network to different frequency offsets during training, thereby improving 

robustness to fringe drift and phase distortion.

To systematically evaluate the effectiveness of FPA, we perform five-fold cross-validation (K = 5). 

Let the dataset contain 𝑁 samples, which are randomly divided into 𝐾 = 5 non-overlapping subsets

{𝐷1, 𝐷2,…,𝐷5} with comparable sizes, while ensuring that different material types are distributed evenly

across subsets. In the 𝑘 -th experiment, 𝐷𝑘 is used as the validation set and the remaining four subsets are

used for training. This procedure is repeated five times so that each subset serves once as the validation set.
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By comparing model performance with and without FPA, we adopt image entropy and standard deviation 

as quantitative indicators to characterize information content and reconstruction stability, and report the 

averaged results across folds. Image entropy is defined as

𝐻 = −∑
𝐿

𝑖=1
𝑝𝑖 log 𝑝𝑖 (12)

where 𝑝𝑖 is the probability of gray level i and L is the number of gray levels. The standard deviation is defined as

𝜎 = √ 1
𝑁
∑
𝑁

𝑖=1
(𝑥𝑖 − 𝜇)2 (13)

where 𝑥𝑖 is the intensity of the 𝑖 -th pixel, 𝜇 is the mean image intensity, and 𝑁 is the total number of pixels.

As shown in Fig.6, introducing physics-driven frequency perturbations results in smoother convergence in the 

early training stage and markedly reduces oscillations. Although the entropy and standard deviation converge 

to similar final levels in both cases, the model trained with FPA exhibits smaller fluctuations on the validation 

set, indicating improved stability and generalization. Nevertheless, spatially varying chirp and rotational 

distortion are not explicitly modeled in the current FPA design and will be considered in future extensions.

Figure 6. Training curves of image entropy and standard deviation with and without frequency perturbation augmentation. The curves 

represent the average results of five-fold cross-validation (K=5)
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the Adam optimizer with an initial learning rate of 1 × 10−

EXPERIMENTS AND RESULTS

Training and Reconstruction Strategy

To train the proposed single-frame reconstruction network, structured illumination image data were acquired 

using a self-built Optical Sectioning Structured Illumination Microscopy (OS-SIM) system from a variety of 

transparent and translucent samples exhibiting weak reflected fringe modulation, as illustrated in Fig.7,includ-

ing transparent glass, compound-eye lenses, microlens arrays, micro/nano chips, large-scale chips, freeform 

lenses, and cylindrical lenses. These chip-related samples were used to broaden the diversity of weakly 

modulated fringe patterns. Structured illumination image stacks were obtained through axial scanning, and 

the corresponding optically sectioned images were generated using an improved HiLo algorithm as reference 

labels [23], [24].

A dataset comprising 8,542 pairs of structured illumination images and corresponding optically sectioned 

labels was ultimately established. The original images were cropped using a sliding-window strategy to 

generate training samples of 512 × 512 pixels, covering 30 different fields of view and tilt angles to improve 

data diversity and enhance the generalization capability of the model [25], [26]. The dataset was divided into 

training, validation, and test sets at a ratio of 70% / 15% / 15% for network optimization and performance 

evaluation. Before training, all input images were normalized to ensure consistency in numerical distribution 

and to improve training stability [27], [28].

Model training was conducted on a workstation equipped with an NVIDIA RTX 3090 GPU (24 GB memory), an 

Intel Core i9 CPU, and 64 GB RAM. The network was implemented in PyTorch 1.12 with CUDA 11.6. We used 

4 , a batch size of 8, and 200 training epochs.

The network was optimized using the L1 loss function:

𝐿𝐿1 =
1
𝑁
∑
𝑁

𝑖=1
| 𝑆𝑖 − 𝑆𝑖 | (14)

where 𝑆𝑖 is the pixel value of the reference optical-section image, 𝑆𝑖 is the network prediction, and 𝑁 is the

number of pixels.

During training, as illustrated in Fig.8 , the structured illumination images were used as inputs and the HiLo-

reconstructed optical sections served as supervision for end-to-end learning. Since these HiLo-generated 

optical sections are used as reference supervision, the goal of the network is to approximate HiLo-quality 
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optical sectioning from a single structured-illumination image. The encoder extracts multi-scale features and 

enhances weakly modulated fringes via SE modules; the bottleneck incorporates the Transformer module 

to model global spatial dependencies; and the decoder progressively restores spatial resolution with skip 

connections to predict high-quality optical sections[27] [29][30].

During reconstruction, an optical section is obtained directly from a single structured illumination image. The 

normalized input image is fed into the network, which produces the corresponding optical section through 

encoder feature extraction, Transformer-based global modeling, and decoder reconstruction. Subsequently, 

the axial peak position at each pixel is determined from the optical-section stack acquired during axial scanning 

using the ARS algorithm, thereby recovering the 3D surface topography. This approach substantially reduces 

the multi-frame demodulation and computational burden required by conventional HiLo reconstruction. The 

reconstruction accuracy and computational efficiency of the proposed method are quantitatively evaluated 

in the following experimental section[28][31][32].

Figure 7. (a)–(h) show structured illumination images of (a) transparent glass, (b) a compound-eye lens, (c) a microlens array, (d) a 

micro-/nano-patterned chip, (e) a large-area chip, (f) a free-form lens, and (g) a cylindrical lens, respectively
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Figure 8. Training pipeline of the proposed OS-SIOS method. Structured illumination image stacks are paired with optical section 

images generated by the HiLo algorithm as reference labels for end-to-end network training

MAE =

Quantitative Evaluation of Network Performance and Computational Efficiency

To validate the effectiveness of the proposed single-frame reconstruction method for 3D surface topography 

inspection of transparent and semi-transparent materials, we trained and compared four networks under the 

same training data and hyperparameter settings: the baseline SIOS, SE-SIOS (SIOS with only the SE module), 

Transformer-SIOS (SIOS with only the Transformer Bottleneck), and the full model OS-SIOS that integrates 

both SE and the Transformer Bottleneck and further employs Frequency Perturbation Augmentation (FPA). 

Specifically, SIOS contains no structural enhancement modules; SE-SIOS and Transformer-SIOS are used to 

evaluate the contribution of each individual module; and OS-SIOS represents the complete model[25][26][29]

[33][30].

To quantitatively assess reconstruction quality, we use mean absolute error (MAE), structural similarity index 

(SSIM), and peak signal-to-noise ratio (PSNR). MAE measures the pixel-wise absolute difference between the 

predicted image and the reference reference labels:

1
𝑁
∑
𝑁

𝑖=1
| 𝑌𝑖 − 𝑌𝑖 | (15)
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where 𝑌𝑖 is the predicted value at the 𝑖 -th pixel, 𝑌𝑖 is the corresponding reference labels value, and 𝑁 is the

total number of pixels. A smaller MAE indicates a reconstruction closer to the reference labels.

PSNR is used to evaluate reconstruction fidelity and is defined as

PSNR = 10 log10(
MAX2

MSE
) (16)

where

MSE = 1
𝑁
∑
𝑁

𝑖=1
(𝑌𝑖 − 𝑌𝑖)2 (17)

and MAX denotes the maximum possible pixel value (set to 1 for normalized images). A higher PSNR indicates 

better reconstruction quality.

SSIM evaluates the similarity between two images in terms of luminance, contrast, and structural information:

SSIM (𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 +𝐶1)(2𝜎𝑥𝑦 +𝐶2)

(𝜇2𝑥 + 𝜇2𝑦 +𝐶1)(𝜎2𝑥 + 𝜎2𝑦 +𝐶2)
(18)

where 𝜇𝑥 and 𝜇𝑦 are the mean intensities of the predicted and ground-truth images, 𝜎2𝑥 and 𝜎2𝑦 are their

variances, 𝜎𝑥𝑦 is the covariance, and 𝐶1 and 𝐶2 are stabilizing constants to avoid division by zero. SSIM ranges

from 0 to 1, with values closer to 1 indicating higher structural similarity.

Figure 9. Training curves of reconstruction quality metrics for four networks: SIOS, SE-SIOS, Transformer-SIOS, and OS-SIOS. The inset 

in the MAE plot provides a magnified view of the highlighted region for clearer comparison of the converged errors
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The MAE, SSIM, and PSNR curves of the four networks during training are shown in Fig.9. Compared with the 

baseline SIOS (SSIM = 0.897, MAE = 0.108 μm, PSNR = 31.8 dB), introducing the SE module improves SE-SIOS 

to SSIM = 0.927, MAE = 0.082 μm, and PSNR = 34.1 dB, indicating that channel attention strengthens weak-

fringe representations and improves the effective signal-to-noise ratio. With only the Transformer Bottleneck, 

Transformer-SIOS achieves SSIM = 0.913, MAE = 0.074 μm, and PSNR = 32.4 dB; notably, the larger reduction 

in MAE suggests that global dependency modeling helps reduce overall prediction errors. By integrating both 

structural enhancements, OS-SIOS achieves the best performance (SSIM = 0.968, MAE = 0.069 μm, PSNR = 35.1 

dB), demonstrating the complementary benefits of channel enhancement and global structural constraints 

and leading to substantially improved reconstruction accuracy and stability.

To evaluate computational efficiency, we measured the single-frame reconstruction time of different methods 

at the same input resolution (512×512). The conventional HiLo method requires approximately 135 ms per 

frame on CPU for optical section reconstruction. In contrast, deep learning models eliminate iterative compu

tation during inference, resulting in markedly reduced computational complexity. The baseline SIOS achieves 

an average inference time of 14.5 ms, while SE-SIOS, Transformer-SIOS, and OS-SIOS require 15.8 ms, 15.6 

ms, and 16.2 ms, respectively (Tab 1). The added overhead relative to SIOS is below 12% for all enhanced 

models, whereas OS-SIOS simultaneously improves SSIM to 0.968. These results indicate that the proposed 

method significantly improves reconstruction quality with only an additional ~1.7 ms inference cost. Although 

OS-SIOS is slightly slower than the baseline SIOS (16.2 ms vs 14.5 ms), it still supports a processing rate of 

approximately 61.7 frames per second. Given the substantial gain in reconstruction quality (SSIM: 0.897 to 

0.968), this trade-off is considered acceptable for real-time or near-real-time online inspection scenarios in 

which reconstruction fidelity is a priority [27,33].

Table 1. Comparison of inference time and SSIM for HiLo, SIOS, SE-SIOS, Transformer-SIOS, and OS-SIOS

Method Inference Time (ms) SSIM

HiLo 135 0.870

SIOS 14.5 0.897

SE-SIOS 15.8 0.927

Transformer-SIOS 15.6 0.913

OS-SIOS 16.2 0.968
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Table 1 Inference time denotes the average runtime per 512×512 input frame, and SSIM denotes the struc-

tural similarity index. The HiLo runtime corresponds to optical-section reconstruction on CPU, whereas the 

inference times of the deep learning models (SIOS, SE-SIOS, Transformer-SIOS, and OS-SIOS) are averaged 

measurements obtained on the same workstation during inference.

Validation Experiments

To further validate the effectiveness and accuracy of the proposed method for surface topography reconstruc-

tion of transparent and semi-transparent materials, we selected a standard high-precision grating sample with 

a line density of 100 lines/mm and a nominal height of 7μm as the test specimen. As shown in Fig.10, a single-

frame structured illumination image of the standard high-precision grating was acquired using the OS-SIM 

system, and the corresponding optical section was reconstructed using an improved HiLo algorithm. In the 

experiments, the proposed OS-SIOS was compared with the baseline SIOS and the conventional HiLo recon-

struction method [25,17]. In this study, the conventional HiLo-based 3D reconstruction method was adopted 

as the reference for comparison, primarily because of its widespread use and its strong capability for high-

quality 3D surface morphology reconstruction. The conventional HiLo 3D reconstruction pipeline consists of 

two main steps. First, uniform-illumination and fringe-illumination images are acquired at each axial position 

to perform optically sectioned demodulation. Then, ARS-based peak localization is carried out pixel by pixel 

along the axial direction on the reconstructed optically sectioned image stack, thereby yielding the 3D height 

morphology.

Figure 10. Representative images of the standard high-precision grating sample. (a) Single-frame structured illumination fringe image 

acquired by the OS-SIM system (network input). (b) Corresponding optical section reconstructed using an improved HiLo algorithm 

(supervision label)
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As shown in Fig.10, HiLo preserves the fringe structure well but suffers from reduced contrast in low-

reflectance regions. The SIOS results exhibit blurred textures and local distortion of periodic structures. In 

contrast, OS-SIOS more stably restores fringe continuity and edge details, producing visual results that are 

highly consistent with those of HiLo.

Furthermore, the reconstructed 3D surface maps (Fig.10) indicate that both HiLo and OS-SIOS accurately 

recover the periodic groove structure and overall surface flatness of the grating, whereas SIOS shows 

pronounced height fluctuations due to noise. For quantitative evaluation, Fig.11 provides a comparison of 

height profiles extracted from the reconstructed surfaces. The OS-SIOS profile closely matches the HiLo profile, 

with only minor deviations (< 0.1 μm) in local high-frequency regions. By contrast, the SIOS profile shows 

noticeable over-smoothing and groove misidentification, reflecting loss of structural information.

Overall, the SE module enhances feature representations associated with weakly modulated fringes through 

channel recalibration, thereby effectively improving the effective signal-to-noise ratio under low-contrast 

conditions and increasing the stability of ARS-based peak localization. Meanwhile, the TB bottleneck 

models cross-region dependencies through global self-attention, strengthens global phase consistency, and 

significantly suppresses spatial distortion caused by local fringe phase shifts. As a result, OS-SIOS achieves 

reconstruction quality close to that of HiLo-based reconstruction, while retaining the efficiency and robustness 

of deep learning. These results indicate that the proposed method provides a practical, high-throughput 

solution for real-time 3D surface morphology reconstruction of transparent and translucent materials.

Figure 11. Reconstruction results of a standard grating sample. Maximum intensity projection images, three-dimensional surface 

reconstructions, and height profiles obtained using the HiLo method, SIOS, and OS-SIOS
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To evaluate the robustness of the modelunder more challenging weakly scattering conditions, we further 

tested a ground-glass sample with typical random roughness, As shown in Fig.12, a single-frame structured 

illumination image of the ground-glass sample was acquired using the OS-SIM system, and the corresponding 

optical section was reconstructed using an improved HiLo algorithm. Compared with a standard grating or 

smooth glass, the random microstructures on ground glass cause phase randomization and local spatial-fre

quency drift of the incident fringes during propagation. Specifically, small fluctuations in surface normals lead 

to variations in fringe period, accompanied by reduced modulation depth and increased random scattering 

noise. These effects markedly weaken fringe modulation in SIM, providing a representative non-ideal imaging 

scenario for assessing model robustness and generalization.

As shown in Fig.13(a), the MIP results of SIOS exhibit pronounced texture loss and overall over-smoothing. 

HiLo preserves the overall distribution of random textures, although local blurring remains in high-frequency 

detail regions. OS-SIOS shows clearly improved texture preservation and detail clarity compared with the 

baseline, and its results are more consistent with those of HiLo. Further inspection of the top-view recon

struction and 3D surface maps (Fig.13(b,c)) indicates that OS-SIOS captures the random height fluctuations 

of the ground-glass surface more accurately, whereas SIOS produces noticeable distortions and tends to 

Figure 12. Representative images of the ground-glass sample. (a) Single-frame structured illumination image acquired by the OS-SIM 

system (network input). (b) Corresponding optical section reconstructed using an improved HiLo algorithm

underestimate surface roughness.

https://doi.org/10.31881/TLR.2026.2629 2649 



 LEI Z et al. TEXTILE & LEATHER REVIEW | 2026 | 9 | 2629-2654 

For quantitative evaluation, we computed the areal surface roughness parameters—arithmetical mean height 

Sa and root-mean-square height Sq—according to ISO 25178 [34,35,36]. As summarized in Tab 2, HiLo yields 

Sa=0.482 μm and Sq=0.617 μm. The reconstruction results of SE-SIOS are Sa=0.469 μm and Sq=0.598 μm, 

corresponding to relative errors of 2.7% and 3.1%, respectively. By contrast, SIOS yields Sa=0.438 μm and 

Sq=0.551 μm, with relative errors of 9.1% and 10.7%, which are markedly higher than those of OS-SIOS. These 

results indicate that OS-SIOS can achieve roughness estimation accuracy close to HiLo for randomly rough 

surfaces.

Table 2. Comparison of roughness estimation accuracy for the ground-glass surface reconstructed by HiLo, OS-SIOS, and SIOS

Method Sa (μm) Sq (μm) Relative Error of Sa Relative Error of Sq

HiLo(reference) 0.482 0.617 — —

OS-SIOS 0.469 0.598 2.7% 3.1%

SIOS 0.438 0.551 9.1% 10.7%

Table 2 Surface Roughness Parameters

Overall, the results indicate that OS-SIOS is capable of maintaining both global structural consistency and 

local texture accuracy in the reconstruction of randomly rough surfaces. The SE-based channel enhancement 

mechanism effectively reinforces weakly modulated signal features, whereas the Frequency Perturbation 

Augmentation (FPA) strategy improves robustness to fringe period variation. Consequently, the proposed 

network can still deliver high-fidelity surface morphology reconstruction under low-SNR and non-ideal imag

ing conditions, demonstrating the robustness and generalization advantage of OS-SIOS for complex surface 

measurement in both transparent and weakly scattering/translucent samples under similar low-modulation 

conditions [37].

Figure 13. Reconstruction results of a frosted glass sample with random surface roughness. (a) Maximum intensity projection images, 

(b) top-view height maps, and (c) three-dimensional surface reconstructions obtained using different methods
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CONCLUSION

In conclusion, we propose OS-SIOS, a single-frame structured illumination microscopy framework for 3D 

surface morphology reconstruction of transparent and translucent materials. By incorporating an SE channel 

attention module, a lightweight TB module, and the Frequency Perturbation Augmentation (FPA) strategy into 

a U-Net backbone, the proposed method improves the recovery of weakly modulated fringes, enhances opti

cally sectioned reconstruction, and provides bettergeneralization for complex surface measurement. Because 

the framework is designed to address shared degradation patterns in reflective OS-SIM, including weak fringe 

modulation, phase perturbation, and fringe-frequency mismatch, it can serve as a unified reconstruction 

model for transparent and weakly scattering/translucent samples that exhibit similar degraded fringe obser

vations. Experimental validation shows that, compared with the baseline SIOS network, OS-SIOS significantly 

improves reconstruction performance, increasing SSIM from 0.897 to 0.968 and reducing MAE from 0.108 

μm to 0.069 μm, while maintaining a single-frame inference time of 16.2 ms. Moreover, it offers substantially 

higher computational efficiency than the HiLo-based 3D reconstruction pipeline, which requires 135 ms to 

achieve a comparable reconstruction quality. Overall, the proposed method achieves a practical balance 

between reconstruction fidelity and inference efficiency for real-time or near-real-time OS-SIM applications. 

These results demonstrate that OS-SIOS is a promising solution for high-throughput, non-contact 3D surface 

morphology reconstruction of transparent materials under low-modulation imaging conditions, and provides 

a feasible pathway for real-time OS-SIM applications. A limitation of the present study is that the experimental 

validation does not explicitly cover multilayer IC-packaging structures with strong internal reflections or ghost 

fringes. Although chip-related samples were included in the training set, dedicated validation under such 

multilayer interference conditions remains for future investigation.
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