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Abstract: Three-dimensional reconstruction is one of the classical problems in computer vision, and its application area is 

widely used , which has been a hot spot for research in related fields. And the accuracy and speed of 3D reconstruction 

depends on the estimation of scene depth information. With the development of light field imaging technology, it is more 

and more convenient to acquire light field images, which contain four-dimensional information and are beneficial to the 

accurate estimation of scene depth information. The application of deep learning in light field image depth estimation 

improves the speed and accuracy of light field image depth estimation, and further enables the 3D reconstruction of the 

scene. In this paper, we study the use of light-field images combined with deep learning for scene depth estimation, and 

finally realize the near- field fast 3D reconstruction.  
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1. INTRODUCTION  
 

3D reconstruction technology is widely used in people's production life, and has important applications in 

industrial manufacturing, cultural relic conservation, virtual reality, smart cities, autonomous driving and other 

fields. Therefore, the study of 3D reconstruction is enduring and branching is extensive. According to the different 

data types, 3D reconstruction techniques can be classified into 3D reconstruction and 2D reconstruction. The 

acquisition of traditional 3D data mainly uses special imaging equipment to actively emit controlled beams or 

electromagnetic waves to the object. To obtain scene depth information based on its flight time difference, such as 

laser scanning, structural light, and raster, professional imaging equipment is required, although the accuracy is 

high, but its cost is high, and the application range is limited. Three-dimensional reconstruction based on 

two-dimensional data, that is, an image, is divided into three-dimensional reproduction based on a single image 

and multiple images. From the current research, 3D reconstruction based on a single image is extremely 

challenging due to its lack of deep information, and obtaining deep information based on multiple images to 

achieve 3D reproduction is one of the current mainstream research directions. In summary, the core of 3D 

reconstruction lies in the acquisition of scene depth information. The depth of the scene is the distance between the 

target object and the central plane of the camera. Similar to human vision system, computer can accurately 

calculate the depth of the target scene by capturing the texture, occlusion, parallax and other features of the scene. 

Compared with traditional digital cameras, light field cameras can record the position information and direction 

information of light at the same time, capture the complete light field data of the scene, and extend traditional 2D 

images to 4D. The photo field image obtained by the photo field camera provides rich and accurate geometric 

information support for depth estimation, providing favorable conditions for accurate solving of depth estimations. 

Microlensed array photo field imaging is a new single lens 3D imaging technology that has received much 

attention in recent years. It has simple structure, records light position and direction information in one image, and 

various post-stage data processing methods, and can be widely used in 3D reconstruction and measurement, 3D 

measurement and recognition, virtual and augmented reality and other fields. In recent years, the light field depth 

estimation algorithm has significantly improved the accuracy of scene depth estimations and has received 

widespread attention from researchers. This paper investigates the use of light field images obtained by 

microlensing light field cameras combined with deep learning to estimate scene depth, further achieving rapid 3D 

reconstruction of near-field views. Guo and Tao [1] focused on modeling and simulation analysis of robot 

environmental interaction. In the medical domain, We et al. [2] explored intelligent monitoring of anesthesia depth 

by leveraging multimodal physiological data. Tang and Zhao [3] applied neural networks to investigate the 

relationship between aging population distribution and real estate market dynamics. Tu [4] introduced ProtoMind, 

a modeling-driven approach for NAS and SIP message sequence modeling aimed at smart regression detection. 

Wang [5] employed Bayesian optimization for adaptive network reconfiguration in urban delivery systems, while 

Meng et al. [6] conducted research on green warehousing logistics site selection and path planning based on deep 

learning. Wu [7] addressed fault detection and prediction in models to optimize resource usage in cloud 

infrastructure. Chen [8] emphasized the importance of efficient and scalable data pipelines as the core of data 

processing in gig economy platforms. Yuan [9] exploited GPT-4 for multimodal medical data processing in 
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electronic health record systems. Li and Wang [10] developed a deep learning-enhanced adaptive interface to 

improve accessibility in e-government platforms. Ren [11] proposed a novel approach for role-oriented dialogue 

summarization aimed at balancing role contributions, and also developed a feature fusion-based and complex 

contextual model for smoking detection [12]. Zhou [13] introduced a digital precision distribution strategy for 

social media content on private domain platforms in the automotive industry using a collaborative filtering model 

based on user behavior. Lin et al. [14] modeled multivariate degradation data with dynamic covariates under a 

Bayesian framework. Wang and Liang [15] applied reinforcement learning methods combining graph neural 

networks and self-attention mechanisms to supply chain route optimization. Zhao et al. [16] developed a 

CNN-Bi-GRU model for short- and long-term renewable electricity demand forecasting. Liu, Wang, and Liang 

[17] proposed MiM-UNet, an efficient building image segmentation network integrating state space models. Xu et 

al. [18] explored AI-enhanced tools for cross-cultural game design to support online character conceptualization 

and collaborative sketching. Finally, Tian, Wang, and Cui [19] presented an improved U-Net brain tumor image 

segmentation model based on the GSConv module and ECA attention mechanism. Collectively, these studies 

demonstrate the growing integration of machine learning, deep learning, and advanced optimization techniques 

across fields ranging from healthcare and logistics to urban systems and human-computer interaction. 

 

2. SCENE DEPTH ESTIMATION METHOD  
 

The purpose of depth estimation is to obtain the distance between the target and the camera and output a depth 

chart. Three-dimensional reconstruction is possible based on a depth chart. Existing light field depth estimation 

methods can be divided into two categories: optimization-based depth estimations and learning-based ones:  

 

An optimized light field depth estimation method first estimates the initial depth diagram of a scene in a specific 

way, then refines the depth diagram using a global optimization framework or a local smoothing method. The 

essential characteristic of a light field image is that it has information from multiple perspectives of the target 

object, depending on the way it represents multiperspective information, Existing optimized light field depth 

estimation methods can be divided into three types: depth estimations based on multi-perspective stereo matching, 

depth estimATIONS based on heavy focus, and depth estimATION based on an EPI (polar plane) image.  

 

A learning-based approach to light field depth estimation uses existing deep learning frameworks to learn models 

that contain depth information for a scene, and uses the powerful performance of computer GPUs to design 

networks to achieve depth estimations. 

 

Due to the high dimensionality of light field data, four-dimensional light field data cannot be directly applied to 

existing deep learning frameworks. Therefore, in order to meet the needs of the network for the input data, it is 

necessary to reduce the dimension and still contain the depth relationship of the scene points. Compared to the 

other two ways of characterizing light field data (multi-perspective images and refocused images), The spatial 

geometry in the slice of Epipolar Plane Image (EPI) is more intuitive to reflect the depth of the scene, and 2D-EPI 

slice is more convenient as the input data of convolutional neural network. Therefore, most of the existing 

CNN-based light field depth estimation frameworks use light field EPI blocks (EPI-Patch) as input to the network, 

which can be divided into two types of network implementations according to the network's tasks: light field 

exploration based on classification tasks and light field estimates based on regression tasks. The light field depth 

estimation, based on the classification task, divides the depth label into multiple classes based on a depth range of 

the dataset, classifying each pixel point. Lo et al [1]. A two-channel CNN network is designed to train vertical and 

horizontal EPI slices, and the output is optimized with the global optimization method to obtain the final depth map, 

without realizing the end-to-end network structure. This method turns the problem of depth estimation into a 

classification problem, which works well for scenarios with small visual difference ranges, and may produce 

problems such as discrete output results and reduced accuracy in real scenarios where depth is continuous. Shin et 

al [2]. An EPI network with four direction channels is proposed. Compared with two direction channels, this 

preprocessing method enhances the information of view reservation. At the same time, 2 * 2 convolution kernel is 

used to extract EPI information, but because the convolution kernel is too small, it is easy to be affected by noise. 

Zhou et al. [3] A scale and direction-aware EPI block learning network is introduced, but its depth estimation is 

only based on local information. Tsai et al. [4]. A view selection network based on attention mechanisms is 

proposed, which achieves a more accurate estimation of difference values by selecting sub-aperture images with a 

greater impact on the depth chart by the attention module. This class of methods implements an end-to-end 

network of light field depth prediction and is based on a regression task, but is based only on local feature 

estimation, and the depth graph is susceptible to noise.  
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3. NETWORK STRUCTURE  
 

According to the depth continuity of realistic scene, the depth acquisition problem of light field is treated as a 

regression task [2]. An end-to-end depth estimation algorithm based on EPI and focus stack image is researched 

and implemented, and 3D reconstruction is performed based on depth map. With Shin [2]. The network used in the 

algorithm is different, the design in the network to join the CBAM[5]The reinforcement learned geometric 

relationships between stack images and used larger convolutional nuclei to extract relative global geometric 

features. This effectively helped the flow of information between networks and improved the overall performance 

of the network, while data enhancement techniques adapted to the geometric relationships within the light field 

data were used to support the training of the network. The network structure is shown in Figure 1.  

 

 
Figure 1: Graph of network structure 

 

Four direction angles (0°, 45°, 90°, 135°) the stack image as input to the network ensures both the accuracy of the 

calculation results and the reduction of the computing cost. Then through a multi-channel subnetwork, respectively 

to 0°, 45°, 90°, 135°, the EPI blocks are used for network coding and feature extraction. Also add information from 

the focus stack diagram as a channel. Because a full convolutional network is capable of pixel-level feature 

extraction, the module consists of three full convolution blocks, which are identical in structure and consist of 

"Conv-ReLU-Conv-BN-ReLU" to measure pixel differences in each local EPI block. At the same time, in order to 

deal with the problem of short baseline and small parallax change, the step size is 1 and the size is 2 & times in the 

convolution block. 2 small convolution kernel for feature extraction in EPI blocks. Finally, the deep computing 

module is composed of three parts, the first part is a full convolutional network composed of 7 convolutional 

blocks with the same structure. Like the multi-channel subnetwork, each convolutional block is made up of 

"Conv-ReLU-Conv-BN-ReLU," which is used to learn the relationship between the features passed by the 

annotation model. The last part of the network consists of convolution blocks with the structure 

"Conv-ReLU-Conv," which are used to output parallax values with subpixel precision. Finally, a 

three-dimensional reconstruction is carried out with a depth estimate.  

 

4. STANDARDS FOR NETWORK TRAINING AND EVALUATION  
 

This network training using the server configuration for NVIDIA GeForce GTX 1080 GPU, 16GB RAM, 

Windows64-bit operating system, based on TensorFlow architecture implementation. The experimental dataset 

used is HCI Old [6] and HCI New [7] Both of them were introduced by Heidelberg image processing lab (HCI). 

The HCI Old dataset contains seven synthetic scenes and six real scenes, each providing 81 light field sub-aperture 

images and real parallax maps. In the HCI New dataset, 28 scenes were synthesized by Blender software, 24 scenes 

provided true parallax maps, and 4 did not. The training set of the network was selected from scenes that provided 

real parallax, 10 scenes were selected from the HCI Old dataset and 20 scenes from the HCI New dataset. The 

remaining scenarios that contain real errors are used as test sets, and the remaining the scenarios which do not 

contain real values are used as validation sets.  

 

Network thinks 23 & times; The 23-size EPI image block as input is obtained by random sampling of stacked light 

field images. The block size is set to 16, the learning rate is 0.1 & times;10 -4 , 10000 iterations per epoch。In 

order to increase speed, the contraction does not replace zero during training. The loss function of the network 

model is the mean absolute error (MAE): 
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ε(y, ygt) =
1

N
∑ |(y, ygt)|
N
i=1                                                         (1) 

 

Where N is the number of training EPI blocks , y gt is the depth label of the corresponding pixel .  

 

Using mean error to evaluate algorithm performance: 

 

𝑀𝑆𝐸100 =
∑(𝑑𝐺𝑇−𝑑)

2

𝐻×𝑊
× 100                                                                     (2) 

 

In the formula , H and W represent the height and width of the image respectively , d GT represents the real depth 

map , and d represents the depth estimation map .  

 

5. EXPERIMENTAL RESULTS AND ANALYSIS  
 

The network conducted in-depth prediction and rapid 3D reconstruction of synthetic and real-world light field 

images respectively, and conducted qualitative and quantitative analysis of the experimental results. 

 

5.1 Qualitative analysis  

 

The comparison of the network depth estimation results with the real scene depth on some HCIOld datasets is 

shown in Figure 2. 

 

 
Center view image  (a) Method of this paper  (b) True depth value 

Figure 2: Some HCIOld datasets compare depth estimation results with real scene depth 

 

This method is primarily aimed at near-field 3D reconstruction, so the resulting image is selected as a near-field 

image. As can be seen from Figure 3, this paper's depth estimation method works well with near-field images. The 

contrast of luminance is close to that of the real scene.  

 

89



 

Journal of Theory and Practice of Engineering Science           ISSN: 2790-1513
Journal of Frontiers in Science and Engineering                        www.darcypress.com

  
  
   

 

                       
Volume 2 Issue 2, 2026Volume 2 Issue 3, 2026

  

  
  

  

 
Center View Image     (a) Depth Estimation Graph 

 

 
(b) Point cloud map front view   (c) Point cloud map side view 

Figure 3: Network depth estimation map and its 3D reconstruction point cloud map on the HCINew dataset 

 

Two close-ups, Dino and Sideboard depth estimates on the HCINew dataset are shown in Figure 3 (a). Wherein (b) 

is a frontal view of a three-dimensional point cloud map, and (c) is a side view. The depth estimation diagram 

shows that the relative edges of the objects in the scene are clearer. The generated point cloud images (b) and (c) 

have strong stereo sense and better texture processing. However, in this article, the network does not consider 

blocking leads properly and has some noise effects.  

 

5.2 Quantitative analysis  
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The values of the depth estimation evaluation function MSE100 in the HCINew dataset are shown in Table 4-1. 

Use of Lou at the same time[1]Methods and Shin[2]Methods are compared. The underlined values in the table are 

the optimal results of the three methods. It can be seen that for close-range images Dino and Sideboard, the 

proposed method can achieve better depth estimation results.  

 

Table 1: Comparison of depth estimates MSE 100 

HCI New D ata Set Lou[1] M ethod Shin[2] M ethod Proposed Method 

Backgammon 4.8507 3.6229 3.6578 

Dino 0.8743 1.0881 0.7966 

Sideboard 1.0861 1.0615 1.0402 

 

Table 2 shows the average computational time for each image on the two datasets of the three networks. The 

underlined portion is the optimal result. You can see that deep learning-based and structured concise Shin[2]The 

method of time complexity is optimal, much higher than the traditional lou[1]Method, although this paper adds the 

multi-scale focusing module and the annotation mechanism module, but this method and Shin[2]The average time 

taken by the method is very similar.  

 

Table 2: Comparison of Various Network Depth Estimation Time Consuming (s) 

D to Set Lou[] M ethod Shin[] M ethod Proposed Method 

HCI Old D to Set X 2.55 2.64 

HCI New D to Set 287 1.63 1.70 

6. CONCLUSION  
 

Optical field imaging can realize multi-dimensional collection of scenes in three dimensional space with one shot, 

which brings new solutions to the key problems of computer vision such as three dimensional reconstruction. In 

particular, the application of deep learning has greatly improved the processing time and accuracy of depth 

estimation of light field images, which in turn makes rapid 3D reconstruction possible. This paper attempts to 

construct a deep learning network for optical image processing to obtain depth estimation map, and on this basis to 

achieve fast 3D reconstruction of close-range scene. Depth estimation is that mass and speed determine the 

accuracy and speed of 3D reconstruction. However, there are still some problems, such as the small size of the data 

set, which makes the network inadequately trained; For the mainly Lubberian surface, less consideration was given 

to mirror reflecting and refractive areas and blocking conditions; The next steps will be an in-depth study of these 

aspects.  
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