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Abstract. Significant progress has been made in recent years in inferring 3D
information from structured light images, mainly due to advances in deep neural
networks. However, it remains challenging to accurately recover 3D details from
regions with rich structures, and existing models often contain too many
parameters, limiting their practical deployment. To address this, we propose a
network based on an encoder-decoder framework, which combines structural
reparameterization and a 3D convolutional feature fusion module. The
reparameterization improves the balance between inference speed and accuracy,
while the 3D fusion module expands the receptive field, which is critical for depth
estimation. We conduct extensive experiments on public and custom datasets using
conventional networks such as hNet and U-Net. Compared to these baselines, our
model achieves better accuracy and efficiency while requiring only about half the
parameters.

Keywords: 3D shape reconstruction, depth estimation, fringe structured light
image, deep learning
DOI: https://doi.org/10.14733/cadaps.2026.326-339

1 INTRODUCTION

The acquisition of three-dimensional information from objects is of significant importance across
various fields, including robotic vision navigation, virtual reality (VR), industrial measurement, and
reverse engineering, with a steadily rising demand for such information [29],[14],[20],[38].
Standard methods for obtaining three-dimensional information from objects include binocular
stereovision [4], time-of-flight [32], and structured light techniques [7]. Structured light 3D
measurement is a crucial method for obtaining the three-dimensional information of an object. The
principle involves projecting a specific encoded pattern onto the target object, capturing the
image, and decoding the phase information of the encoded pattern. This phase information reflects
the differences in depth or height across the object’s surface. By combining the phase information
with the geometric relationship between the light source and the camera, the depth or height of

Computer-Aided Design & Applications, 23(3), 2026, 326-339
© 2026 U-turn Press LLC, http://www.cad-journal.net



http://www.cad-journal.net/
https://orcid.org/0009-0005-0902-7677
https://orcid.org/0000-0003-0506-5308
https://orcid.org/0000-0002-4957-9418
mailto:LjyXoX@163.comu
mailto:hustcm@hotmail.com
mailto:lsl@gxnu.edu.cnm
mailto:hustcm@hotmail.comu

327

each point on the object’s surface can be computed, enabling the construction of a three-
dimensional shape model of the object. Structured light 3D measurement technology offers the
advantages of high precision, high resolution, and low cost for 3D reconstruction, making it a vital
3D imaging solution in both academic and industrial fields [29]. The classical structured light
technology may involve multiple fringe images, complex algorithms, and intensive computation to
determine the phase distribution, parallax, and depth, resulting in higher accuracy and slower
reconstruction speed. With the rapid advancement of artificial intelligence, particularly deep
learning, significant achievements have been made in the fields of computer vision [13], natural
language processing [3], speech recognition [9], and even Domestic waste classification [15].
Deep neural networks, which are hierarchical in structure, consist of many layers, with each layer
s output serving as the input to the next. The greater the number of layers, the more complex
features the network can learn, and consequently, the larger the number of parameters required
by the entire network. Deep learning has gradually been applied to structured light 3D
measurement and depth estimation in recent years. Although deep learning methods have made
significant strides in structured light 3D measurement, challenges remain in restoring global
features and fine details of the scene from the projected images. There is still substantial room for
improvement in achieving more accurate 3D information inference [36].

In this paper, we propose a simple and efficient fringe structured light depth estimation
network for calculating depth information from a single frame of fringe structured light images.
The core of the network is based on an encoder-decoder architecture, which can leverage global
context information [2][17]. The 3D convolution feature fusion module is employed to expand the
receptive field. Furthermore, structural re-parameterization facilitates a better trade-off between
network accuracy and inference speed. Overall, the main contributions of this work are as follows:

(1) We propose a method to enlarge the receptive field using 3D convolution and design a 3D
convolution fusion module using this method.

(2) Based on the 3D convolutional fusion module, we design a simple and efficient structured
light depth estimation network.

2 RELATED WORK

In structured light 3D reconstruction, phase demodulation is a crucial step for extracting phase
information from captured coded pattern images. In the early stages of applying deep learning to
structured light 3D reconstruction, researchers attempted to use it for phase demodulation. In
[7]Feng et al. used CNN to analyze fringe-structured light images. They first demonstrated that
deep neural networks could be used to perform analysis of fringe-structured light. Shi et al. [30]
further demonstrated the effectiveness of label enhancement and patch-based strategies in phase
retrieval using deep learning. Zhou et al. [34] used a deep neural network to realize the
automation of Fourier transform profilometry frequency selection. Yin et al. [33] used deep
learning along with two sets of phase-shifted fringe images to eliminate phase blur during phase
unwrapping, demonstrating that issues in this process can be addressed through deep learning.
The above work initially applies depth learning to structured light image analysis. However, these
methods only replace a subroutine in the phase demodulation algorithm and do not achieve an
end-to-end pipeline from structured light images to 3D reconstruction.

For depth estimation from structured light images, current applications of deep learning in
structured light 3D measurement mainly focus on using CNN to calculate the depth information
from structured light images more accurately and faster, and realize the end-to-end process.
Jeught et al. [10] proposed a CNN that can predict the 3D height of an input single-frame fringe-
structured light image, which is the first end-to-end solution that uses a deep learning network to
completely replace the phase demodulation process. Feng et al. [8] proposed a micro-depth
learning contour measurement method that can transform a single-frame fringe-structured light
image into its corresponding three-dimensional image. Nguyen et al. [25] proposed a robust
method combining structured light technology and a deep convolutional neural network, which can
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take single-frame fringe structured light images as input and output corresponding depth maps.
Nguyen et al. [24] proposed an end-to-end network that can transform a single frame of speckle-
structured light pattern images into corresponding point clouds. Then Nguyen et al. [23]
introduced an H-shaped global guidance network path and multi-scale feature fusion into CNN and
proposed hNet to further improve the accuracy of deriving 3D information from structured light
images. Jia et al. [11] proposed a new depth measurement method based on CNN, which can be
regarded as a pixel-level classification regression task without matching, and depth information
can be calculated from speckle structured light images without local stereo matching. Zhu et al.
[36] combined the advantages of CNN and Transformer to design a two-branch network (CNN
branch and Transformer branch). The CNN branch and Transformer branch extract local and
global features from the images, respectively. A bidirectional feature fusion module and a cross-
feature multiscale fusion module are designed to integrate the local features and global features
extracted from the two branches in order to achieve better depth estimation. Other end-to-end
solutions based solely on CNNs have also been proposed [31].

Although previous methods have made significant progress, depth prediction remains
challenging in regions containing small objects. Moreover, these approaches seldom emphasize the
importance of the receptive field, which plays a critical role in dense prediction tasks. A larger
receptive field can better capture global contextual relationships, thereby improving prediction
accuracy.

To address these limitations, we propose a feature fusion method based on 3D convolution to
expand the receptive field and extract global information from a single structured light image,
leading to more accurate depth estimation. Inspired by previous works [25], [11], we adopt an
encoder-decoder architecture as the core architecture of our network. To balance speed and
accuracy, we incorporate structural re-parameterization techniques into the network design.

3 METHODS

In neural networks, the receptive field refers to the spatial extent of the input that a specific
neuron in the feature map is sensitive to. Since regions outside the receptive field do not influence
a neuron's output, controlling the receptive field size is essential.
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Figure 1: The method of using 3D convolution to enlarge the receptive field.

In many vision tasks, particularly dense prediction tasks such as semantic segmentation, stereo
vision, and depth estimation, larger receptive fields can enhance the accuracy of pixel-level
localization and classification [19],[16]. Therefore, we propose a simple and effective approach to
expand the receptive field, which is then employed to construct a 3D convolutional feature fusion
module for enhancing depth estimation accuracy. In this section, we provide a detailed description
of the proposed receptive field expansion method. Subsequently, a simple and effective fringe-
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structured light depth estimation network is constructed based on the proposed 3D convolutional
feature fusion module.

3.1 The Method of Expanding the Receptive Field Based on 3D Convolution

As mentioned above, a large receptive field is essential for accurate depth estimation, especially in
structured light scenarios where global context plays a key role in disambiguating local patterns. To
this end, we introduce a receptive field expansion strategy based on 3D convolution, as illustrated
in Figure 1.

Our approach is inspired by the feature unfolding mechanism in MobileViT [21], which was
originally designed to convert 2D features into a format suitable for Transformer processing. We
extend this idea to transform features along ascending and descending spatial dimensions,
enabling efficient integration of 3D contextual information using convolutional operations.
Compared to traditional approaches such as dilated convolutions or vanilla attention, this strategy
offers a better balance between receptive field size and computational cost, making it well-suited
for real-time structured light applications.

The transformation process consists of the following steps:

1)Set the split window size to (wh,ww).

2)According to the size of the window, the original feature map with the size of (b,c,(hXwn),(w

Xww)) blocks is divided into (b,(cXwnhXww),h,w), the number of channels of the feature map
becomes multiple of the original whXww , and the height and width of the feature map are
changed to the original 1/wh,1/ww.

3)Finally, a new dimension is added to the new feature map, and its size is changed (b,1,(h X

wh),(WXww)), at this time,3D convolution can be used for feature map. Where b represents
the batch size, c is the number of channels, h and w are the height and width of the feature
map.

Here, b denotes the batch size, c is the number of channels, and h, w represent the height and
width of the feature map, respectively. This transformation enables our model to benefit from
volumetric feature aggregation with minimal overhead

3.2 Network Structure

Based on our method of using 3D convolution to enlarge the receptive field, we design a simple
and effective fringe structured light depth estimation network. The network input is a single frame
fringe pattern, and the output is the corresponding depth map. The core body of the network
adopts an encoder-decoder structure, which includes a feature extraction layer based on structural
re-parameterization, a fusion module based on 3D convolution to expand the receptive field, and a
lightweight super-resolution up-sampling module. The network structure is shown in Figure 2.

3.2.1 3D feature fusion module

To effectively capture long-range information and leverage the advantages of fringe patterns, we
design a 3D convolutional fusion module based on the receptive field expansion method described
in Section 3.1. The module takes a 2D feature map as input and outputs a 2D feature map of the
same spatial size. First, the input feature map f is unfolded using a window size of 2x2, resulting
in a new feature map f1 with four times the channel dimension and half the height and width.
Then, an additional dimension is added to f1 to obtain f2, which is subsequently passed through
three consecutive 3D convolution operations to perform feature fusion along the expanded
dimension, yielding f3. Finally, f3is folded back to restore the original 2D format, producing the
output feature map f.

3.2.2 Structural re-parameterization technology

To balance inference speed and accuracy, we adopt structural re-parameterization to design the
network's encoder and decoder. This technique was originally introduced in RepVGG [5]. enables
the construction of a simple yet efficient convolutional neural network architecture that achieves
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high performance during inference. The core idea is to use a multi-branch convolutional structure
during training, which is then merged into a single-path convolutional block at inference time.

Figure. 2: Architecture overview of the proposed 3DFNet.

Each convolutional block comprises three components: a 1x1 convolution, a 3x3 convolution, and
an identity mapping. This results in a re-parameterized network that combines low computational
complexity and parameter count with strong representational capacity. The corresponding core
formulation is as follows:

M = bn(M(l) * W(ii)’u(3)’0(3)77(3)’[3(3))
+bn(M(1) * W(D,MO)J“),’Y(D,ﬁ(D) (1)
+bn(M(1) % W(U)7M(U)7U(U)’7(0)’5(0))

Where M) and M@ denote the input and output, respectively. W,u,0,y and B represent the
convolutional kernel weights, the accumulated mean of the Batch Normalization (BN) layer, the
standard deviation of the BN layer, the learnable scaling factor of the BN layer, and the bias term,
respectively. The superscripts indicate the corresponding convolution type:3x3,1x1,and
0x0(identity mapping).

In this work, RepVGG [5] block is used as the fundamental convolution structure. The network
architecture for both training and inference under the structural re-parameterization technique is
illustrated in Figure 3.

The encoder part of this network follows a VGG-style framework, consisting of five stages in
total. In the first stage, a single RepVGG [5] block is used to downsample the input single-channel
fringe image to half of its original size, while the number of channels is increased to 32. In the
second, third, and fourth stages, 2, 4, and 14 RepVGG blocks are applied to reduce the feature
map size to 1/4, 1/8, and 1/16 of the original, respectively, with the number of channels set to 32,
64, and 128. In the fifth stage, a RepVGG block is used to increase the number of channels to 256,
maintaining the resolution of the input feature map. Finally, the features from the second to fifth
stages, denoted as fi1/4, fi/s, fi/16, and fo, form the final output of the encoder.

3.2.3 Lightweight super-resolution up-sampling module

In convolutional neural networks, the decoder functions to transform the features extracted by the
encoder into the target output. In this section, the decoder progressively upsamples the feature
maps to the original input resolution and generates the corresponding depth map for the fringe
image. The proposed decoder architecture consists of two main components.
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Figure 3: RepVGG [5] block structure.

First, for the encoder outputs fi/4, fi/s and fi/16, their corresponding enhanced features with long-
range contextual information, denoted as f'1/4, f'1/8 and f'1/16, are obtained using the 3D convolution
fusion module. Then, f'1/16 is concatenated with fo, and the fused feature is upsampled to 1/8 of the
original resolution via 2D convolution and bilinear interpolation. The remaining features are
likewise progressively upsampled to 1/4 of the original resolution.

Second, a lightweight super-resolution module, denoted as the SR-Layer, is employed. It
consists of a RepVGG block, a bilinear upsampling module, and another RepVGG block, as
illustrated in Figure 2. Where SR-Layer-1x indicates no upsampling, while SR-Layer-2x denotes
double upsampling. Intermediate supervision is applied to the outputs of the three SR-Layer
modules, and their respective losses are calculated during training.

3.2.4 Loss function

The loss function plays a critical role in network training. In this work, we adopt the Root Mean
Square Error (RMSE) loss to guide the optimization process, which is defined as:

2

1 N ~
088 = 4|— -7 2
L \/Nzil(zl Z) (2)

Where ZL and Z, denotes the predicted depth and ground-truth depth of the i-th point in the image,
respectively, and N is the number of valid points.

4  EXPERIMENT

In this section, we detail the training procedure of our model, compare its performance with
existing methods on a public dataset, and conduct ablation studies to demonstrate the
effectiveness of the proposed approach.

4.1 Dataset and Evaluation Criteria

Real-world dataset: This paper uses the open-source real-world dataset proposed by Nguyen et al.
[25], which contains 648 fringe structured light samples and 648 speckle structured light samples.
We use the fringe structured light samples to train our network. Among them, 90% are used for
training and validation, while the remaining 10% are reserved as an independent test set. As
shown in Figure 4, the depth maps in this dataset are dense and highly accurate.

Synthetic dataset: Currently, there is no publicly available synthetic structured light dataset.
Therefore, we follow the approach proposed by [26] and generate a synthetic structured light
dataset using Blender [1]. In recent years, Blender has gained traction in academic research; for
instance, it has been used for 3D visualization of biological macromolecules and astronomical data
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[6]1[12], as well as for generating semantically labeled point cloud datasets and light field
structured light projection data [27][37] Thus, using Blender to create a fringe structured light
dataset is both feasible and scientifically sound. The synthetic dataset we created is easily
scalable, and the diversity of samples can be enhanced by increasing the number of 3D models
and applying various material textures. With minimal modifications, this dataset can be adapted
for depth estimation tasks involving monocular, binocular fringe, and speckle structured light. In
this study, we focus on single-frame fringe structured light depth estimation. The dataset consists
of 12,600 samples, which are divided in a 6:2:2 ratio for training, validation, and final testing.

mn’,,] | -y
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Figure 4: The first row shows the real-world fringe dataset, and the second row shows the
corresponding depth map.

Evaluation criteria: To evaluate the effectiveness of the proposed model, we adopt commonly used
evaluation metrics for fringe structured light depth estimation tasks, including RMSE, MSE, and
PSNR. Among them, RMSE is the most widely used indicator. These metrics are defined as follows:

(3)
(4)
p?
PSNR = 10-log, |-t (5)

Where 2, and z, denote the predicted depth and ground-truth depth of the i-th point in the image,
respectively, and N is the number of valid points.

4.2 Implementation Details

The proposed model was implemented in PyTorch and trained on a workstation equipped with an
Intel® Xeon® Silver 4110 CPU @ 2.10GHz, 64 GB of RAM, and an NVIDIA GeForce RTX 3090 GPU
(24 GB). The experimental conditions and hyperparameter configurations were kept consistent
across both the real-world and synthetic datasets. All models were trained for 200 epochs with a
batch size of 2. The training process took approximately 11 hours on the synthetic dataset and 3
hours on the real-world dataset. We adopted the Adam optimizer (1 = 0.9, B2 = 0.999) and used
a cosine annealing learning rate decay strategy.
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4.3 Ablation Experiment

In the ablation study, to verify the effectiveness of the proposed method, we conduct ablation
experiments on the real-world dataset to evaluate the impact of the embedding position of the
proposed 3D convolution fusion module.

4.3.1 Fusion3D encoder position ablation

At the encoder stage, 3D convolutional feature fusion is applied to its output features. After
training the model, the RMSE, inference time, and inference time after merging the multi-branch
structure are calculated. The results are presented in Table 1.

Method Paramenters (M) RMSE(mm) Time(s)
Base 4.42 1.574 0.008
Base-unfold 4,51 1.489 0.010
Base-7-F3D 4,51 1.512 0.010
Base-/5,1/16-F3D 4,51 1.433 0.010
Base-17,1/16,1/5-F3D 4.53 1.401 0.010
Base-10,1/16,1/8,1/4-F3D 4.54 1.355 0.010

Table 1: Ablation results of 3D convolutional fusion module embedded encoder.

The specific meaning of the experimental version in Table 1 is as follows:

Base: Refers to the basic model, which is the part of the network structure in Figure 2 that
does not include Fusion3D.

Fusion3D.
Base-unfold: Adds the unfolding operation to the input part of the base model.

Base-/-F3D: Applies 3D convolution feature fusion to the output features of the last stage of
the encoder.

Base-f5,1/16-F3D: Uses 3D convolution feature fusion for the output features of the fifth and
fourth stages of the encoder.

Base-15,1/16,1/-F3D: Applies 3D convolution feature fusion to the output features of the fifth,
fourth, and third stages of the encoder.

Base-15,1/16,1/81/4 -F3D: Uses 3D convolution feature fusion for the output features of the fifth,
fourth, third, and second stages of the encoder. This is the final model, 3DFNet.

Time: indicates the inference time tested when merging the multi-branch structure in the
RepVGG [5] block.

The experimental results in Table 1 demonstrate that 3D convolution feature fusion effectively
improves the network's performance. Additionally, the use of structural re-parameterization
technology significantly reduces inference time.

4.3.2 Ablation study for SR-Layer module

The difference is that, in addition to the original upsampling branch, SR-Layer also uses an
additional bilinear interpolation upsampling branch and finally uses 3D convolution to fuse the
features of the two branches. The experiment calculates the RMSE after the model training, the
inference time, and the inference time after the model merges the multi-branch structure. The
experimental results are shown in Table 2.

The specific meaning of the experimental version in Table 2 is as follows:

Base-f5,1/16-SR-F3D: 3D convolution feature fusion is used for the output features of the fifth
and fourth stages of the encoder and all SR layers.
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Base-15,1/16,1/8-SR-F3D: 3D convolution feature fusion is used for the output features of the fifth,
fourth, and third stages of the encoder and all SR-Layers.

It can be seen that inserting a 3D convolution fusion module into the SR-Layer can also
effectively improve the accuracy of model depth estimation, but the number of model parameters
and inference time are significantly increased.

Method Paramenters (M) RMSE(mm) 7ime(s)
Base-/5,1/16-F3D 4.51 1.433 0.010
Base-/5,1/16-SR-F3D 4.51 1.405 0.012
Base-17,1/16,1/5-F3D 4.53 1.401 0.010
Base-1y,1/16,1/8-SR-F3D 4.53 1.359 0.013

Table 2: The results of the ablation experiment of the 3D convolutional fusion module embedded in
the up-sampling module.

4.4 Model Comparison Experiment

To further demonstrate the superiority of our proposed model in the task of fringe structured light
depth estimation, we train the model using an open-source real-world dataset and compare the
evaluation results of published models on a test set of a real-world dataset.

As shown in Table 3, our proposed model outperforms existing models in terms of the RMSE
index, while having approximately half the number of parameters. Additionally, the inference time
of our model is comparable to that of existing models. Different versions of the model offer greater
flexibility in memory usage and inference time, while maintaining high accuracy.

Method Paramenters (M) RMSE(mm) Time(s)
FCN[18] - 2.03 -
AEN[25] - 1.85 -
Unet[28] 8.63 1.62 0.005
hNet[23] 8.64 1.64 0.005

UNet-Wavele[35] 8.64 1.67 -

hNet-Wavelet[35] 8.64 1.59 -

DHDNet[31] 14.4 1.77 -
SIDO[22] - 1.54 0.030
Our(Base) 4.51 1.574 0.008
Our(Base-7,1/16,1/5 ) 4.53 1.401 0.010
Our(3DFNet) 4.53 1.353 0.010

Table 3: Evaluating the model on the test set of a real-world dataset.

This section also includes experiments using open-source models on the synthetic dataset. In
these experiments, the depth range of the synthetic dataset is adjusted from (0, 1) to (0, 50),
aligning it more closely with the depth range of the real-world dataset. The maximum PSNR value
is set to 50. The experimental results are presented in Table 4.

Method Paramenters (M) PSNR(dB) MSE(mm)  RMSE(mm) 7ime(s)
Unet[28] 8.63 18.859 42.215 6.087 0.005
hNet[23] 8.64 25.334 9.079 2.845 0.005
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Base-15,1/16,1/8 | 4.53 28.001 7.538 2.331 0.010

Table 4: Evaluation results of the model on the simulation dataset.

A higher PSNR indicates lower distortion in the depth image, while lower MSE and RMSE values
correspond to higher depth estimation accuracy. The results above demonstrate that the method
proposed in this chapter also exhibits significant advantages on the synthetic dataset.

Additionally, we conducted a transfer learning experiment to evaluate how pretraining on the
synthetic dataset can enhance the model’ s performance in real-world depth estimation tasks.
Specifically, the model was first pretrained for 64 epochs on our synthetic dataset, followed by
fine-tuning for 200 epochs on the real-world dataset. The final results of this experiment are
presented in Table 5.

Method Paramenters (M) Times(s) RMSE(mm)
Base-15,1/16,1/8 4,53 0.010 1.401
Base-1y,1/16,1/8+pre-trained 4,53 0.010 1.343

Table 5: Performance results from pre-training on simulation datasets.

Where "+ pre-trained’ represents the model after pre-training.

From the experimental results, it can be seen that the large simulation dataset is beneficial in
improving the accuracy of fringe structured light depth estimation. By pre-training on the
simulation dataset and fine-tuning on the real-world dataset, the difficult problem of collecting the
real-world dataset can be effectively solved, and the accuracy of the network on the real-world
dataset can be effectively improved.
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Figure 5: Results of depth estimation of the model in the synthetic dataset and the real-world
dataset. (a)The input fringe structured light image(The first row is from the synthetic dataset, and
the second row is from the real-world dataset).(b)The label values of the input image. For each
input image, the depth information obtained by (c) Unet [28], (d) hNet [23] , and (e) Ours
(3DFnet), is illustrated above.

Finally, the qualitative analysis of the proposed algorithm shows the intuitive effect of the model
proposed in this chapter and the network depth estimation of UNet [28] and hNet [23]. The results
are shown in Figure 5.
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It can be seen from the results that, with the increase in the amount of data, UNet and hNet
can not fit well, and the predicted depth map has a large deviation in the challenging fringe
coverage area, but the proposed method can restore the depth of this part of the area very well.
In the real-world dataset, the three models can achieve better results, but for the areas with rich
details (such as the cat’s eye), the method proposed in this paper can better estimate the depth.

As shown in Figure 6, our qualitative analysis also shows the 3D visualization results of
UNet[36], hNet[23], and the depth estimation of the proposed model on the real-world dataset.
On the real-world dataset, the proposed model can obtain smoother and closer to the real depth
results. At the same time, there are fewer anomalies. For example, as shown in Figure 6 (c) and
Figure 6(d), the depth estimated by Unet and hNet models is abnormal in cat ears and cat tails,
while the model proposed in this paper (i.e., (f) in Figure 6) does not.

600

(d)Visualization of Unet’s result  (e)Visualization of hNet's result  (f) Visualization of our result

Figure 6: 3D visualization of model depth estimation.

5 CONCLUSIONS

In this paper, we propose a network architecture for depth estimation from structured light images.
The core of the network utilizes an encoder-decoder structure, incorporating both structural re-
parameterization technology and a 3D convolution feature fusion module. Structural re-
parameterization enables an optimal balance between inference speed and accuracy, ensuring high
performance during the inference stage. The 3D convolution feature fusion module effectively
expands the receptive field. Our network takes a single-frame fringe structured light image as
input and outputs the corresponding depth map. We conduct comprehensive experiments on our
proposed network and other depth estimation networks across two datasets. The experimental
results demonstrate that our method outperforms existing approaches in terms of parameter count,
estimation accuracy, and maintains a reasonable inference speed. Additionally, in regions with rich
details in the fringe structured light image, our method shows superior performance compared to
other methods.
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