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Abstract. Existing three-dimensional (3D) reconstruction methods have deficiencies in image depth estimation
accuracy, texture mapping continuity, and illumination consistency, which lead to obstacles such as geometric
distortion and texture fracture in the visual communication of 3D images, affecting the efficiency of information
acquisition and immersive experience. To solve these problems, this paper proposes a 3D image visual
communication optimization algorithm that integrates neural implicit modeling and a multi-scale visual
perception mechanism. By jointly encoding the image depth map and Red-Green-Blue (RGB) map into the
Neural Radiance Fields(NeRF) voxel hashing network, the continuity of spatial structure expression and the
integrity of texture restoration are improved. Structural similarity constraints and perceptual consistency loss
functions are introduced to enhance visual stability and subjective quality under different viewing angles, and
context completion and detail enhancement of edge texture missing areas are achieved through graph neural
networks. User evaluation results show that this method can shorten the average recognition time by up to
33.1% in all target recognition tasks, improve the average subjective immersion score by up to 58.2%, and reduce
the Root Mean Square Error (RMSE) of depth reconstruction in occluded areas to 0.164 meters. The Structural
Similarity Index Measure(SSIM) of high-frequency texture areas reached 0.871, and the Learned Perceptual
Image Patch Similarity (LPIPS) was stable at 0.162 under £45° viewing angle offset, which effectively improved
the image's structural restoration quality and functional visual communication performance, and provided
algorithm support for high-precision virtual expression in multiple scenarios.

Keywords: Three-dimensional reconstruction / visual communication optimization / neural radiance fields /

depth estimation network / texture enhancement

1 Introduction

Against the background of the rapid development of digital
image processing and computer vision, the construction
and expression of three-dimensional images have shown
broad application prospects in many fields such as virtual
reality, augmented reality, medical imaging, industrial
inspection, and cultural heritage digitization. As a three-
dimensional expression of visual information, three-
dimensional images [1,2] carry information on geometric
structures and also require highly realistic visual effects in
multiple dimensions, such as color, lighting, and texture, to
meet the comprehensive needs of realism, interactivity, and
immersive experience. Most of the existing mainstream 3D
reconstruction methods [3,4] rely on technical means such
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as multi-view geometric reasoning, structured light
scanning, and voxel grid construction [5,6]. Although some
achievements have been made in terms of geometric
accuracy, they still face great challenges in terms of the
quality and expressiveness of visual communication [7,8].
The most prominent difficulties in the current 3D
reconstruction process are limited depth estimation
accuracy, insufficient texture mapping continuity, and
insufficient processing of illumination changes [9,10]. These
problems can cause structural deformation, color breakage,
and light-dark separation in the reconstruction results,
which can increase the user's perceptual burden, hinder
spatial understanding and target positioning, and reduce
the consistency and immersion of the interactive experi-
ence. When faced with sparse image input or complex
scenes, the traditional reconstruction method based on
geometric modeling [11,12] can seriously reduce the
accuracy of the depth map, resulting in distortion or loss
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of the reconstructed geometric structure. The texture
mapping stage often lacks a context-aware mechanism,
which leads to problems such as color misalignment, blurred
edges, and texture breakage during the mapping process. In
addition, in natural lighting environments, traditional
methods [13,14] often cannot effectively model lighting
changes, and the reconstructed 3D images visually show
obvious color inconsistency and lighting discontinuity, which
in turn weakens the authenticity and visual communication
ability of the images. The combination of these problems
reduces the expression efficiency of 3D images and limits their
promotion and use in high-demand application scenarios
[15,16]. Therefore, there is an urgent need for an optimization
algorithm that can further improve the visual quality and
communication capabilities while ensuring geometric accu-
racy, so as to achieve high-quality and high-fidelity
reconstruction of 3D visual information [17,18].

To address the above difficulties and improve the
expressiveness of three-dimensional images in visual
communication, this paper designs and implements a
three-dimensional image visual communication optimiza-
tion algorithm based on digital image reconstruction, and
proposes to integrate a multi-scale visual perception
mechanism and image structure feature constraints under
the neural implicit expression framework, to achieve
higher-fidelity image reconstruction and visual expression
optimization. In this method, the depth map corresponding
to the source image is first extracted through a highly
robust single-view depth estimation network, and the
Mixed Frequency Data Sampling Regression Models
(MiDaS) model is used as the basic architecture to fuse
multi-level feature maps to achieve cross-scene depth
regression. After the depth map is obtained, a joint
representation of the RGB image and the depth map is
constructed and input into the neural radiation field model
based on the voxel hash grid structure. Multi-resolution
position encoding is used for spatial mapping to build a
complete three-dimensional implicit expression model. In
the reconstruction process, structural similarity constraint
loss and perceptual distance loss are introduced to optimize
the perceptual consistency between geometry and texture,
effectively suppressing texture distortion and color drift
problems. The algorithm structure takes the fixation area
as the core of visual priority, enhances the texture fidelity
and boundary stability of the salient area, and makes
the visual presentation of key parts clearer and more
continuous during the interaction process. To solve the
problem of blurred boundaries and missing local details of
reconstructed textures, a texture enhancement module
based on a graph neural network is further introduced,
which uses the context transfer mechanism of the graph
structure between nodes to refine and complete the edge
area, and enhance the texture coherence and visual
resolution. The method proposed in this paper constructs
a technical closed loop of “modeling mechanism-communi-
cation optimization” in three aspects: enhancing the
continuity of structure restoration through joint modeling
of depth map and RGB map, optimizing the consistency
and visual stability of texture expression through percep-
tual consistency loss, and completing the broken areas and
edge details through graph structure context modeling to

improve expression completeness and interaction fluency.
From the user's perspective, the recognition clarity of the
image structure and the coherence of the scene perception
are improved, and the fluency of information acquisition
and the comfort of visual carrying in interactive tasks are
optimized. The proposed method provides a systematic
solution to the problems of unclear expression and poor
realism in the current three-dimensional image visual
communication. At the same time, the ability to maintain
structural stability and texture coherence in interactive
dynamic scenes provides modeling support for the
adaptability of visual communication under complex
perspective changes and real-time rendering conditions,
and has high practical value and research significance.

2 Related works

Three-dimensional reconstruction methods continue to
advance the evolution of visual expression quality, and the
core challenge focuses on the trade-off between geometric
accuracy and structural fidelity. In the field of three-
dimensional image reconstruction, researchers have pro-
posed a variety of methods from different perspectives,
trying to strike a balance between improving geometric
accuracy, texture fidelity, and reconstruction efficiency. In
response to the need to reconstruct small and medium-sized
objects, Cui et al. [19] systematically sorted out the key
technologies for high-precision three-dimensional recon-
struction based on line structured light scanning along the
technology development path, and focused on the
application performance of such methods in actual
scenarios, making up for the lack of in-depth discussion
of technical principles in previous work. In addition, to
meet the needs of rapid assessment of post-disaster scenes,
Hong et al. [20] used a deep learning-based Cascade Cost
Volume for High-Resolution Multi-View Stereo Network
multi-view 3D reconstruction method to reconstruct
building damage from drone images and verified its
applicability in terms of multi-view consistency and
computational efficiency. Although such methods have
advantages in global consistency, they lack a structure
completion mechanism, and the depth continuity of the
boundary area decreases during the reconstruction process.
This paper introduces a graph neural structure enhance-
ment module to achieve contextual reasoning completion of
local details and alleviate the depth ambiguity problem. In
terms of systematic evaluation of methods, Phang et al. [21]
conducted a comprehensive comparison of single-image-
based deep learning 3D reconstruction methods from
encoders, decoders, training mechanisms, to datasets and
evaluation indicators, and pointed out the shortcomings of
various methods in terms of expressiveness and generali-
zation. In terms of model type comparison, Fu et al. [22]
used statistical models, discriminative models, and gener-
ative models as objects, and conducted a systematic
evaluation on public datasets from multiple dimensions
such as input form, matching accuracy, precision, and
recall, providing a reference for model selection and actual
deployment. In addition, in order to fully cover the current
mainstream directions, Lee et al. [23] sorted out the dense
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reconstruction technology routes based on geometry,
optics, and deep learning, and focused on its adaptability
and technical bottlenecks in complex dynamic environ-
ments. In summary, the existing 3D image reconstruction
methods still have significant deficiencies in multi-view
consistency, texture expression integrity, and robustness in
extreme scenes [24-26]. Existing methods show edge
blurring and structural jumps in complex texture areas.
The depth estimation stage does not consider the
consistency constraints of multi-scale semantics, making
it difficult to ensure the overall continuity and spatial
consistency of geometric restoration.

The visual communication quality of three-dimensional
images continues to develop under the guidance of
multimodal feature modeling and subjective perception,
and the research focus has shifted to the expression focus
control and communication stability construction of image
structure. In the study of 3D image visual communication
and perceptual quality optimization, research work in
multiple directions is dedicated to improving the subjective
quality and experience comfort of 3D image content based
on human perception characteristics. In response to the
temporal instability problem that often occurs during the
playback of 3D synthetic videos, Zhang et al. [27] proposed
a convolutional neural network denoising method com-
bined with a perceptual quality measurement mechanism
to reduce flicker distortion and improve visual stability
from the temporal and spatial dimensions. Considering the
accuracy and spatial consistency of structural restoration
in three-dimensional scenes, Xia et al. [28] constructed a
spatial structure similarity index based on elastic energy
modeling to measure spatial distortion in a way that is
closer to the laws of perception. At the same time, dynamic
indicators were introduced to incorporate visual discomfort
into the evaluation system to improve the experience
continuity in the virtual environment. In terms of
stereoscopic perception, Coskun et al. [29] designed a 3D
video experience quality evaluation mechanism that
integrates spatial resolution and depth guidance features.
By simulating the stereoscopic perception sensitivity of the
human eye, it demonstrated strong evaluation stability
under different real-time playback conditions. Shen et al.
[30] promoted the development of reference-free quality
assessment methods based on the study of the human eye's
dual-channel visual fusion mechanism. They introduced
natural scene statistical features, adaptive dimensionality
reduction strategies, and binocular fusion competition
mechanisms to achieve accurate judgment of stereo image
quality without references. Some generative models do not
perform structural weighting on semantically salient areas,
resulting in a blurred center and weakened communication
effect of focal areas during texture mapping. This paper
introduces a structure-aware constraint mechanism to
improve the texture fidelity and communication clarity of
important areas. At the same time, considering the image
modeling accuracy that three-dimensional visual commu-
nication relies on, Jiang et al. [31] sorted out the adaptation
problems of spherical image-based three-dimensional
reconstruction technology in feature matching and dense
restoration. They emphasized the potential of this type of
technology in expressing complex spatial information and

pointed out the technical challenges it faces in maintaining
visual consistency. Existing work generally still has insuffi-
cient research in visual comfort, multimodal perception
feature modeling, and real-time communication consistency
in dynamic environments [32-34]. Most current studies do
not introduce active perception mechanisms to model multi-
scale salient regions, and ignore the weighted regulation of
the human eye's perception, focusing on structural expres-
sion, resulting in significant distortion of key semantic areas
in visual communication, affecting the stability of user
experience and information capture efficiency.

3 Methods
3.1 Depth estimation guided by visual communication

To obtain high-quality geometric structure information,
the input image is first passed through the MiDaS depth
estimation network for single-view depth prediction. The
network adopts a hybrid scale transformation structure,
integrates multi-scale feature representation, and has the
ability to collaboratively model global structure and local
details. MiDaS introduces the ResNeXt-101 backbone
network in the encoder stage for semantic-aware feature
extraction. The output features are passed through the
Transformer module for global context modeling, which
enhances the depth consistency across regions. Finally, a
dense depth map is generated by the multi-resolution
decoder. In order to avoid depth estimation offset caused
by image texture interference, an edge-preserving depth
regularization term is introduced to suppress the interfer-
ence signal caused by strong gradients in the texture area,
and the initial depth result is smoothed and reconstructed
through image-guided filtering.

The output depth map of this process adopts an anti-
normalization remapping strategy to remap the depth value
interval regressed by the network to a distance space
consistent with the actual scene structure to ensure the
physical consistency of the depth field. The depth map and
the original RGB image are spliced according to the channel
dimension to generate the input tensor, which constitutes the
joint expression basis for the subsequent modeling stage. In
order to enhance the boundary saliency of geometric details,
agradient enhancement operator is applied to the depth map
to explicitly highlight the structural contour area and
improve the geometric response ability of the reconstructed
model to the edge position. The three-dimensional spatial
coordinates of each pixel in the image are analytically
calculated through the projection function. Assuming the
camera intrinsic parameter matrix is K, the image
coordinates are (u, v), and the depth value is d(u, v), the
corresponding three-dimensional coordinates (X, Y, Z) are
determined by the following formula:

X U
Y | =d(u,v)-K | v (1)
Z 1

This projection model completes the mapping of two-
dimensional pixels to three-dimensional space, providing
an accurate spatial positioning basis for subsequent NeRF
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voxel space encoding. In order to further improve the
continuity of the depth map in spatial structure modeling,
the context consistency loss function is introduced in the
depth prediction stage. By constructing the similarity term
of the depth gradient distribution in the local window, the
depth jumps in different regions are suppressed. The loss
function is defined as follows:

Lotz = g g w;j|| D; — Dj||? (2)

€2 jeN (i)

where D, represents the depth value of pixel i, N(3) is its
neighborhood, and w;; is a weight function based on RGB
space distance and gradient direction, which is used to
control the degree of influence between different regions.

The image depth map generation stage provides
accurate input for 3D geometric modeling and directly
determines the benchmark framework for subsequent
texture mapping and lighting modeling. In visual commu-
nication tasks, the accuracy of depth information directly
affects the quality of NeRF voxel interpolation. Therefore,
in the generation stage, it is necessary to ensure the
semantic alignment of the depth map and the image
content. The multi-channel feature input, composed of the
image depth map and the RGB map, can further extract
spatial structure information and color texture information
in the subsequent multi-scale feature fusion module,
building a solid data foundation for high-quality three-
dimensional visual expression.

In order to enhance the perception ability of the depth
estimation model in the structural boundary area, this
method introduces an edge enhancement processing mecha-
nism based on the output of the MiDaS network to strengthen
the edge gradient response and improve the model's
structural recognition accuracy for boundary mutations.
By introducing the context consistency loss function in the
depth regression stage, the depth jump problem in high-
frequency boundaries and occluded edge areas is effectively
alleviated, allowing the model to show strong structural
adaptability in dealing with different types of boundary
conditions. In areas where structural contours and texture
variations coexist, the feature expression obtained through
global modeling of the Transformer module improves
semantic continuity and enhances the stability of depth
regression in complex boundary areas, providing a more
reliable geometric prior foundation for subsequent continu-
ous modeling of three-dimensional structures.

3.2 Multi-channel image feature fusion

In order to achieve the coordinated encoding of image color
information and spatial structure information, the RGB
image and its corresponding depth map are spliced in the
channel dimension to construct a fusion tensor. The
original image size is set to IERZ*W >3 and the dense
depth map DeR”*W 1 is obtained by the MiDaS model,
which is then spliced to form a four-channel input
Fy = concat(I, D)eR?*W>4 In order to obtain local
structures and global perception features across scales,
three groups of convolution operations with different
receptive fields are applied to Fj in turn. The convolution

kernel sizes are 3 x 3,5 x 5, and 7 x 7, respectively. The
boundary size is kept unchanged, and the fused feature
tensor F,,eRT*Wx*C ig obtained by processing with a
unified number of channels. The weight of the convolution
module is denoted as 6., and the overall mapping process
can be expressed as:

Fry = ¢(Fo;0c) ®3)

where ¢ represents the composite mapping function of multi-
scale convolution and feature compression. In order to
enhance the response strength of the structural area and the
selectivity of the semantic layer features, the channel
attention and spatial attention modules are further intro-
duced to model the cross-channel feature importance and
spatial position response weight respectively. In the channel
attention path, global average pooling and maximum
pooling are first performed on F,, to generate two one-
dimensional channel description vectors, which are trans-
formed and merged through a shared fully connected
network to obtain a channel weight map M,eR!*1*¢
and a channel-by-channel weighted operation is performed
to obtain the output feature F. = F,, ® M. In the spatial
attention path, averaging and maximum pooling are first
performed along the channel dimension, and then
concatenated and convolved to generate a spatial weight
map M,eR7>*W>1 which is then multiplied element-wise
with F . to obtain the fused output:

Fo,=(F,, @M, ® M,. (4)

In order to improve the ability of fusion features to
maintain the edge of the structure, the gradient consistency
loss constraint is introduced to make the RGB channel and
the depth channel maintain direction consistency in the
local change trend. The gradient consistency loss function
is defined as:

1 H w
Lot = 7 E : E 1 (IVolij = VaDij|l +|Vyli;
i= j=

- VyDij) ()

V., and V, are the gradient operators in the horizontal and
vertical directions, respectively, and I;; and D, ; are the
grayscale values of the RGB image and the depth map at
pixel (4, j), respectively.

Figure 1 shows the overall process of multi-channel
image feature fusion, including the complete path from
concatenating the input image and the depth map,
extracting structural semantic features through multi-
scale convolution, and then weighted fusion through the
attention module. The dimensional changes of each
intermediate tensor are marked, which helps to clearly
understand the structural position and role of this module
in the entire algorithm process.

To regulate the contribution of features at different
receptive fields, a learnable weight allocation mechanism is
embedded into the multi-scale convolution module. Each of
the three convolution branches with kernel sizes of 3 x 3, 5
x 5, and 7 x 7 is assigned an independent trainable weight
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Fig. 1. Multi-channel perception-driven image feature fusion structure.

/ Neural Implicit Network

A
roiin IR N
———
té, \

Voxel Hash Mapping

B

-

L = _
Density Output E l
=y —
—
=4 ;
Volume Rendering
= Module
~ I

Color Output

Final Image Output

Color Branch
c(x, d)

Fig. 2. Schematic diagram of the neural implicit modeling structure based on voxel hashing.

scalar, which adjusts the relative response strength of local
texture, mid-range semantic structure, and global contex-
tual information. These weights are jointly optimized with
the network parameters through backpropagation, initial-
ized with uniform values and updated dynamically during
training. The fusion process applies weighted summation
across the feature maps before entering the attention
modules, allowing the network to adaptively prioritize
salient features from each scale level depending on the
structural complexity of the input region. This design aims
to enhance the granularity of local detail modeling while
maintaining holistic perceptual consistency across scales.

3.3 Perception-driven neural implicit modeling

In order to improve the geometric continuity and texture
expression accuracy of three-dimensional images, an
improved NeRF voxel hashing network is constructed as
the core structure of neural implicit modeling based on the
joint features of depth and image. The voxel hashing
mechanism is used to discretize the three-dimensional
space, and the scene space is divided into sparse voxel grids
to minimize memory redundancy and computational
redundancy, thereby improving the efficiency of high-
resolution modeling. Each voxel position is input through
three-dimensional coordinates, and after hash mapping, it
is connected to the multi-layer perceptron network to
express the RGB color field and density field in the form of
implicit functions. The position embedding of spatial
points adopts the position encoding strategy, and the

high-frequency details are enhanced by mapping the input

coordinates x€R® into the frequency domain. The
formula is:
y(x) = [sin(2%7x), cos(2°mx), . . ., sin(2L " 1x), cos(2L " 1ax) |

(6)

where L represents the number of frequency levels. For
hash coding, a multi-resolution voxel grid is adopted, and a
spatial hashing strategy based on Morton coding is used to
map the high-dimensional space to a low-dimensional hash
table, which greatly reduces memory consumption while
retaining positional distinctiveness. During network train-
ing, the distribution of active voxels is dynamically
adjusted through the voxel hierarchical update mechanism
to improve the modeling resolution of texture edges and
depth boundary areas.

Figure 2 shows the voxel hashing-based spatial coding
structure and its coupling with the NeRF implicit network,
which characterizes the mapping path between sparse
coding and full-space modeling, and effectively supports
the efficient expression of complex scene information
during the reconstruction process.

In order to achieve coupled reconstruction of texture
and geometry, a dual-branch network structure is
designed, one network is responsible for predicting density
o(z), and the other network predicts color ¢(z,d), where dis
the viewing direction. The color prediction network
integrates perspective encoding to improve texture coher-
ence under perspective dependence. After introducing the
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direction-aware feature y(d) in color estimation, the overall
color estimation process of the network can be described as:

¢ = Fo(r(0.1(@).£.) (7)

where F, represents the color prediction subnetwork, and f,
is the spatial feature encoding. The density function is
output by another network Fy, whose input includes the
embedded feature y(z) of the spatial point and the spatial
feature encoding f,, reflecting the spatial occupancy
probability of the voxel, which is independent of the
observation direction. Its formula is:

0= Fo(y().£.). ®)

The density function o(z) and the color function ¢(,d)
are used together for the volume rendering function:

tf

C(r) = fT(wa(r(t))c(r(t), d) dt 9)

t?l

where 7(t) represents the light from the viewpoint, and 7/(¢)
represents the transmittance function, which reflects the
probability that the light from the camera to the depth t is
not blocked.

To improve the subjective visual quality and perceptual
stability of 3D images in the multi-view reconstruction
process, this section introduces a perceptual consistency
optimization mechanism, which realizes the perceptual
guidance of depth reconstruction and texture mapping by
constructing a joint loss function, and optimizes the
performance of the results in detail preservation, structure
alignment, and texture consistency. The perceptual
consistency constraint is based on the sensitivity of the
human visual system to structural and texture changes
during image reconstruction. It constrains the network
output from two dimensions: structure preservation and
perceptual distance, to avoid the problem that the
traditional L2 loss cannot capture high-dimensional
perceptual errors.

During the training process, a structural similarity loss
is introduced between each pair of reconstructed images
and the corresponding target image, and the brightness,
contrast, and structural similarity between images are
measured based on local statistics. This part uses SSIM as
the optimization term, and its mathematical definition is as
follows:

(2pgpy + 1) (200 + c2)
12+ p2 4 c1) (02 + o2 +ca)

Lssin =1— ( (10)

where 11,,and u, represent thelocal means of the reconstructed
image and the target image, u2 and u? represent the
local variance, o, is the covariance, and the constants ¢; and
¢y are used to avoid the denominator being zero.

On this basis, LPIPS perceptual loss is further
introduced to quantify the similarity of images in the deep
feature space. This loss uses a pre-trained convolutional

network to extract high-level semantic features and reflects
the perceptual difference through the L2 distance between
features. It is defined as follows:

Lomps = > wlldyret) = 4L (1)
l

where ¢, represents the feature map extracted at the lth
layer, w; is the weight coefficient of the layer, I,..q and I,
are the predicted image and the target image, respectively.

The image quality is limited by the illumination
changes and occlusion interference between different
perspectives. In order to further improve the stability of
the reconstructed image under multi-view conditions, a
multi-view consistency loss term is designed to impose
consistency constraints through the projection relationship
between corresponding pixels under different perspectives.
Suppose there are multiple view images { Ii}ij\i 1, and the
corresponding reconstructed depth map is {Di}fi .- By
knowing the camera external parameter and the internal
parameter matrix K, the pixel (u, v) under the i-th view can
be mapped to the projection point (u/,v') of the j-th view,
and the reprojection error can be calculated:

Loons = E 125w, 0) — 1, )y

i#]

(12)

where T ;j is the image sampling value after the pixel of the
#th perspectiveisreprojected to the j-th perspective according
to the depth information. The reprojection operation uses
bilinear interpolation for sub-pixel level mapping.

To ensure the convergence of the overall optimization
and the synergy of perceptual constraints, a joint loss
function is constructed as the training objective:

Etotal - )LssimACSSU\/I + )“ZpipSELPIPS + )\cons‘ccons (13)

where Aggim, Apips, and Acops are the weight coefficients of
each loss item, which are adjusted according to the degree
of perception dominance.

3.4 Semantic-guided texture enhancement

In order to solve the problem of local texture breakage and
edge blur in 3D reconstructed images, this paper introduces
a texture detail enhancement module based on a graph
neural network. This module is based on the fused image
feature tensor and constructs a graph structure to model
the relationship between local and global pixels in the
texture space. The specific composition method adopts the
pixel block division strategy to divide each image area into
a set of equally spaced graph nodes. The connection
between nodes is determined based on the Euclidean
distance in the pixel space and the color similarity, and the
adjacency matrix AERY ¥ is constructed, where N is the
number of graph nodes. The adjacency matrix is calculated
by the Gaussian kernel function, and the formula is:

a2 o '2
Aijexp<|xz ol I, 2f,||2> )

o2 0%
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where z; and z; are the spatial positions of nodes i and jin
the image, f; and f; are their corresponding color features,
and o, and oyare the normalization factors of the position
and color space.

In the graph neural network modeling stage, this paper
uses a multi-layer graph convolutional network to perform
feature propagation and context fusion on the constructed
graph structure. The basic graph convolution operations
used are as follows:

~ —1/2

) — a(D_l/ *AD H<I>WU>) (15)

where H” represents the node feature representation of the
Ith layer, A = A + I is the adjacency matrix after adding
self-loops, D is the corresponding degree matrix, WY is the
learnable weight parameter, and o is the nonlinear
activation function.

In order to improve the structural recovery ability of
texture detail areas, the graph neural network module
introduces multi-structure mapping methods and different
types of graph convolution operators when constructing it
to establish a more sophisticated context modeling
mechanism. The graph structure is constructed based on
the composite relationship between image pixel features
and spatial positions. Three connection strategies are
adopted: fixed neighborhood pixel map, regional aggrega-
tion map, and adaptive edge weight map based on
similarity learning, which respectively reflect the isometric,
semantic block-level, and perception-driven texture de-
pendency modeling characteristics. The topological struc-
ture of the graph is constructed by calculating the color
difference and spatial coordinate distance between nodes to
form a weighted adjacency matrix. The weight function
adjusts the similarity distribution in the high-dimensional
embedding space to form a differential representation of
the texture relationship.

In the construction of the graph convolution module,
the design considers the balance between propagation
depth and expression ability, and controls the coverage and
detail retention of the feature receptive field by setting
different numbers of convolution layers. The shallow
structure emphasizes local continuity modeling, and the
deep structure enhances cross-region dependency capture.
In the overly deep structure, feature smoothing is prone to
occur, which affects the clarity of edge response. The graph
convolution kernel function is designed using a variety of
heterogeneous schemes. By comparing and analyzing
standard graph convolution, neighborhood aggregation
graph convolution, and weighted attention mechanism, the
response characteristics of various mechanisms in bound-
ary recognition and context coupling are explored. Among
them, the mechanism based on inter-node attention
learning enhances the weight distinction ability of signifi-
cant edge areas in the graph and improves the consistency
of texture transition in structural mutation areas. In the
overall module design, a two-layer graph convolution
structure with adaptive edge weight expression and
learnable attention weight is finally adopted to meet the
needs of detail recovery and structure-guided expression in
texture-damaged areas. This structure has strong edge

Fig. 3. Texture enhancement and structural refinement results
produced by the graph neural network module.

response ability and context integration efficiency, and has
good training convergence stability and adaptation
performance, which meets the consistency requirements
of texture enhancement in multiple types of scenes.

In order to further enhance the edge structure clarity of
the reconstructed image, a gradient-guided attention
mechanism is added to modulate the edge sensitivity of
the graph convolution output. The specific method is to
calculate the image grayscale gradient map G through the
Sobel operator, introduce the weight modulation function
M = tanh(aG), and apply it to the graph convolution
output feature map H to form the edge enhancement
representation H' = M®H. The enhanced texture features
output by the graph neural module can be fused with the
initial NeRF output results to construct the final texture
image with complete details.

Figure 3 illustrates the enhancement process of local
structural regions using the proposed graph neural
network. The upper part shows reconstructed textures
before and after enhancement in edge and occluded areas,
while the lower part presents the corresponding mesh
topology with visible improvements in triangle density and
continuity near geometric discontinuities. The fusion of
graph-based context modeling and perceptual modulation
effectively restores missing textures and refines boundary
structures.

Each pixel of the final output texture map is determined
by the fusion of three-way information, namely the
weighted synthesis of the NeRF network output value,
the graph neural network enhancement result, and the
depth-guided weight map. The fusion method adopts a
dynamic weighted average. The weight vector
® = [w1, w2, w3) is generated by the local texture gradient
and pixel confidence estimation module to meet the
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normalization constraint w; + ws + w3 = 1. The optimiza-
tion goal is to minimize the perceptual difference between
the enhanced texture and the real texture. The loss
function is as follows:

Efuse = )\I‘SSIM(Ifusea Igt) + )\Z‘LPIPS(Ifusev Igt) (16)
where I, is the fused image, I, is the reference image, \,
and N\, are loss weight coefficients, which control the
optimization weights of structural similarity and percep-
tual consistency.

4 Experiment

4.1 Experimental environment and platform
configuration

To ensure that the implementation process of the 3D image
visual communication optimization algorithm has good
operating efficiency and repeatability, the experiment was
completed on a high-performance computing platform,
combining modern deep learning frameworks and graphics
processing units to support the model training and
reasoning process. In terms of hardware environment,
the experimental platform is equipped with an NVIDIA
RTX 4090 graphics card with a memory capacity of 24GB,
which supports highly parallel tensor computing tasks and
is suitable for the training of large-scale voxel networks and
graph neural structures. The Central Processing Unit
(CPU) uses an Intel Core i9-13900K processor with a main
frequency of 3.0GHz and multi-threaded computing
capabilities, providing stable computing power support
for data preprocessing and feature extraction. The memory
configuration is 128GB to ensure data reading and writing
efficiency during multitasking.

In terms of software environment configuration, the
operating system uses Ubuntu 22.04, which has stable
driver support and deep learning dependent environment
compatibility. The main programming language is Python
3.10, the deep learning framework is PyTorch 2.1, and
Compute Unified Device Architecture 12.1 (CUDA 12.1)
and CUDA Deep Neural Network library 8.9 (cuDNN 8.9)
are used to accelerate neural network calculations.
OpenCV 4.7 and Albumentations libraries are used for
data processing and image enhancement to complete image
standardization and cropping operations. During the
construction of the voxel hash coding module, the Tiny
CUDA Neural Networks (tiny-cuda-nn) and Instant
Neural Graphics Primitives (instant-ngp) toolsets are used
to achieve high-speed voxel query and implicit function
training. The graph neural network part relies on the
PyTorch Geometric framework, version 2.4, and cooper-
ates with Deep Graph Library (DGL) for graph structure
modeling and node relationship construction.

In order to achieve multi-module joint training, the
experimental process adopts a modular training strategy,
integrating the MiDaS depth estimation network, voxel
hash implicit modeling network, and graph neural texture
enhancement network into a unified training framework.
Each module is initialized with the same random seed to
ensure the reproducibility of the training process. In order

to optimize the memory usage and improve the training
efficiency, mixed precision training is enabled during the
training process, and the Automatic Mixed Precision
(AMP) automatic mixed precision strategy is used for
floating point control of forward and backward propaga-
tion. The model parameters are saved using the PyTorch
Checkpoint mechanism, and the intermediate model is
saved regularly according to the training rounds and
verification performance, which is convenient for subse-
quent comparison and performance review.

4.2 Dataset and preprocessing process

This paper uses a public 3D visual reconstruction dataset
as the data basis for training and evaluation, covering
indoor and outdoor scene images taken from multiple
angles. Each scene in the dataset provides high-resolution
RGB images, depth maps, and camera pose information.
The resolution of the RGB images used is unified to 768 x
512 pixels, and the number of viewing angles is distributed
between 6 and 20 frames per scene. The depth map is given
in meters, and its correspondence has been spatially aligned
using calibrated camera parameters. The original image
data has problems such as inconsistent color style, obvious
differences in brightness distribution, blurred edges, and
uneven occlusion areas. In order to ensure that the network
training converges stably and the output results have a
uniform scale, the input image and its corresponding depth
map are systematically preprocessed.

The original RGB image is uniformly processed by
global color mapping through a linear stretching operation
to enhance the overall contrast and correct the hue shift.
The image is then smoothed by edge preservation using
bilateral filtering to suppress noise interference while
retaining structural information. In the depth map
processing process, invalid values and hole areas are
masked and filled with inverse distance weighted interpo-
lation to avoid structural distortion caused by sparse areas.
The RGB image and the depth map are spatially remapped
and aligned through the external parameter matrix to
ensure the one-to-one correspondence between pixels and
uniformly construct the channel input tensor.

After the completion of the primary image preprocess-
ing steps, two critical strategies were applied to optimize
model performance: color mapping and geometric enhance-
ment. The color mapping process involved a global linear
stretching operation to adjust the image hue and contrast,
addressing lighting inconsistencies and improving texture
alignment. This step ensured uniformity across input
images, which directly influenced the model's ability to
preserve texture integrity in different scenes.

Geometric enhancement aimed to improve the accuracy
of the depth maps by mitigating structural distortions. An
edge-preserving depth regularization method was applied
to smooth the depth map, particularly in regions with
sharp gradients, thereby improving the model's capacity to
capture fine geometric details. In addition, inverse
distance-weighted interpolation was employed to address
gaps in the depth map and ensure precise spatial alignment
between the RGB images and corresponding depth data.
These preprocessing strategies contributed to the overall
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Table 1. Statistics of the multi-scene dataset.

Scene ID Number of images Average number Depth map Image resolution
(frames) of views completeness (%) (pixels)

S001 128 10 92.4 768x512

S002 96 8 89.7 768x512

S003 144 12 93.5 768x512

S004 72 6 85.2 768x512

S005 120 10 91.1 768x512

performance by enhancing both visual consistency and
geometric accuracy, enabling the model to generate high-
quality 3D reconstructions.

In order to enhance the generalization ability of the
model, an image enhancement strategy is introduced in the
training stage. Before the image is input, brightness
perturbation, color temperature transformation, and
Gaussian blur processing can be applied probabilistically
to simulate the input changes under different lighting and
imaging conditions. At the same time, geometric enhance-
ment methods such as random cropping and horizontal
flipping are used to expand the scene perspective and
increase the spatial diversity of training samples. All image
enhancement processes are performed online during the
data loading phase to ensure that the input image samples
of each epoch are different. The image tensor is normalized
before entering the neural network to make the RGB value
distribution uniform to zero mean unit variance, improving
the network's robustness to color changes.

To more clearly show the basic composition, image size,
and multi-view coverage of the dataset, Table 1 gives the
statistical information, such as the number of images,
average number of views, and depth map completeness of
various scenes in the training and testing stages.

After image preprocessing, all samples are randomly
divided into training set and test set according to the scene
division method, with a ratio of 8:2. The training set data is
used for joint optimization learning of each module of the
neural network, and the test set is used as the basis for
evaluating the generalization performance of the model,
running through multiple evaluation links such as
geometric structure accuracy, texture restoration ability
and multi-view consistency, to ensure that the entire
method is reproducible and engineering deployable under a
unified data processing process.

4.3 Parameter setting and training strategy

To ensure that the 3D image visual communication
optimization algorithm converges stably during the
training process and achieves the expected reconstruction
quality, the parameter setting and training strategy must
be strictly designed in a unified manner based on the
functional characteristics and convergence behavior of
each module. In the neural implicit modeling part, the
NeRF voxel hashing network uses the Adam optimizer for
weight update, and the initial learning rate is set to 0.001,
combined with a learning rate decay strategy. When the
number of training rounds reaches half, the learning rate is

linearly reduced to 0.0001 to enhance the fineness of the
model's late convergence. The batch size is set to 16 to
balance the memory usage and training stability. The
number of training rounds is fixed to 1200 rounds to ensure
that the model fully learns the geometric and texture
distribution relationship in the scene in the multi-scale
feature space. The loss function is designed in the form of a
multi-weighted combination, and the overall loss is
composed of deep reconstruction error, structural similari-
ty loss, and perceptual consistency loss. Among them, the
depth reconstruction error uses the L1 norm to constrain
the pixel-by-pixel difference between the predicted depth
map and the input MiDaS depth map, and the weight is set
to 0.5. The structural similarity loss uses the SSIM
indicator to guide the local reconstruction quality in the
image structure space, with a weight of 0.3. The perceptual
consistency part introduces the LPIPS loss to measure the
perceptual difference between the reconstructed image and
the original image from the feature space, with a weight of
0.2. The loss weight coefficient remains unchanged
throughout the training process to ensure that various
error indicators guide the training process in a balanced
manner.

The graph neural network structure used in the texture
detail enhancement stage adopts two layers of graph
convolutional neural units, with 64 and 128 output
channels in each layer. The node feature dimension is
initialized to 256, and the ReLU activation function is used.
It is updated synchronously with the main network during
training. The graph structure is constructed based on the
pixel adjacency relationship, and the edge weight is jointly
determined by the color difference and spatial position.
The connectivity of low-contrast boundaries is enhanced
through edge normalization operations. In order to adapt
to the computational overhead of graph convolution for
large-scale image processing, the texture enhancement
images were uniformly cropped into 256 x 256 local areas
for training.

During the training process, all images were uniformly
standardized before input, with the mean and standard
deviation set to 0.5 and 0.5, respectively, and normalized to
the [-1,1] interval to improve the stability of gradient
propagation. Data loading is done in a multi-threaded
parallel mode. The training process is performed on the
NVIDIA RTX 4090 Graphics Processing Unit (GPU)
platform. PyTorch 2.1 is used to build the entire neural
network structure. Mixed precision calculation is used
during training to improve efficiency and reduce video
memory pressure.
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4.4 User behavior experiment

In order to systematically evaluate the actual performance
of the proposed 3D image visual communication optimi-
zation algorithm at the user perception level, a user
behavior experiment combining subjective scoring and task
execution was constructed. The experimental goal is to
establish a corresponding mechanism between perception
dimensions and interactive performance, to quantify the
impact of different 3D reconstruction results on visual
experience and operational efficiency, and then verify the
effectiveness and applicability of the model at the human
factor adaptation level.

The experiment selected subjects with a basic under-
standing of images to ensure that the scoring judgment and
operational behavior have controllable consistency. The
experimental scene covers multiple typical 3D reconstruc-
tion results. The images are all from the same shooting
conditions and scene space, and are uniformly processed by
scale normalization, lighting calibration, and color map-
ping to ensure the alignment of different reconstructed
images in objective content and eliminate interference from
non-reconstructed factors.

To examine the user's visual adaptation ability under
dynamic changing conditions, this experiment introduces a
dynamic scene perturbation mechanism in the occluded
target positioning task and the multi-view consistency
judgment task, and performs slight scale transformation,
occlusion simulation, and gradual perspective shift oper-
ations on the target image, thereby constructing observa-
tion conditions that approximate dynamic interaction. In
the specific design, three levels of perturbation are set by
applying rotation, scaling, or partial occlusion that changes
continuously between frames to the target area to simulate
the visual instability caused by viewpoint changes or object
occlusion in real scenes.

In the behavioral operation stage, an image target
recognition task is set. After the system prompts the target
area, visual positioning is performed, and the time required to
complete the positioning task and the pixel-level error offset
value are collected. The task interface records click events
and response times in real time. All operation instructions
are trained and familiarized before the formal experiment to
avoid data bias caused by differences in operating experience.
All image tasks are carried out under the same content
density and target size conditions to ensure the structural
consistency and comparability of the behavioral tasks.

The experimental data is automatically recorded by the
system to generate the original scoring matrix and
behavioral response log, and the sampling frequency is
controlled at the millisecond level to ensure that the
behavioral time data has precision support. The subjective
perception indicators and behavioral task data do not
interfere with each other in structure. The corresponding
images and users are identified by numbers to achieve
accurate matching and analysis based on multi-dimensional
experimental data. The experimental data is standardized
and sorted for subsequent result analysis, which further
reveals the user adaptation efficiency and perceptual
performance advantages of the reconstruction method in
visual communication.

5 Result analysis
5.1 3D reconstruction geometric accuracy

To verify the depth restoration capabilities of various 3D
image reconstruction algorithms in different geometric
structure areas, this experiment compares the performance
of five representative depth modeling methods in four
typical spatial regions. Method 1: COLMAP is based on
sparse point cloud matching, and its accuracy is limited by
feature density and viewing angle baseline; Method 2:
Dense Prediction Transformer (MiDaS-DPT) relies on a
large-scale monocular deep pre-training model, has good
global consistency but lacks local geometric accuracy;
Method 3: NeRF-Baseline uses a volume rendering method
of ray rendering, which has continuity in structural
recovery but still lacks texture and boundary areas;
Method 4: Instant-NGP uses multi-resolution hash coding
to accelerate the reconstruction process, but the high-
frequency geometric details are slightly weakened. Method
5: Graph Neural Network-NeRF (GNN-NeRF) is a method
proposed in this paper, which combines voxel hashing
implicit modeling with the contextual structure enhance-
ment mechanism of graph neural networks, and demon-
strates stronger robustness in reconstructing complex
boundaries and occluded areas. The region division covers
typical spatial structures such as planes, edges, occlusions,
and long distances, and can reflect the differences in the
model in dimensions such as structural uniformity, depth
continuity, and occlusion processing. In terms of evaluation
indicators, Root Mean Square Error (RMSE) is used to
measure the overall magnitude of geometric deviation and
is more sensitive to extreme errors. Absolute Relative Error
(Abs Rel) reflects the normalized ratio between the
prediction error and the true value, reflecting the relative
accuracy. Mean Absolute Error (MAE) measures the
average level of the overall prediction deviation to avoid
being dominated by extreme values. The three constitute a
complementary error evaluation system. The three bar
graphs in Figure 4 present the performance comparison of
the three indicators in each area, showing the error
distribution and stability of each method.

The GNN-NeRF method has the lowest RMSE value in
all four types of areas. The RMSE in the occluded area is
0.164 meters, which is 0.043 meters lower than that of NeRF-
Baseline, showing better geometric reconstruction ability in
areas with missing information. This advantage can be
attributed to the role of its graph structure perception
mechanism in complementing contextual relationships. In
the Abs Rel indicator, the error of this method in the edge
areais 0.103, which is significantly lower than MiDaS-DPT's
0.151, indicating that this method is more accurate in depth
ratio recovery and avoids the problem of over-smoothing of
monocular depth models in texture change areas. In terms of
MAE, GNN-NeRF maintains 0.119 meters in the long-
distance area, which is lower than Instant-NGP's 0.150
meters, verifying its modeling effect on far-field depth
continuity. Overall, GNN-NeRF's modeling capabilities in
multi-scale structures and high-frequency details effectively
suppress reconstruction errors, providing a more stable
geometric basis for subsequent 3D visual expression.
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Fig. 4. Error comparison analysis of five depth reconstruction methods in typical structural areas. (a) RMSE error comparison in
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Fig. 5. Depth estimation error comparison of different 3D reconstruction methods in complex boundary areas (a) RMSE error
comparison. (b) Abs Rel error comparison. (¢) MAE error comparison.

To deeply characterize the geometric modeling perfor-
mance of different algorithms in complex boundary areas, a
detailed evaluation set of four types of boundaries is further
constructed based on the above methods 1 to 5, covering
four types of scenes with typical local geometric challenges:
smooth contours (R1), high-frequency texture breaks (R2),
depth mutation areas (R3), and occluded boundaries (R4).
The method system represents five mainstream modeling
mechanisms: sparse point cloud matching, monocular
depth pre-training, volume rendering baseline, multi-
resolution hash coding, and graph structure context
enhancement, with different boundary processing capabil-
ities and modeling expression strategies. Each boundary
type presents spatial characteristics such as strong texture
continuity, obvious structural mutation, and severe
occlusion faults. The test data extracts representative
boundary fragments from the same scene and conducts
comparative analysis of local depth errors to evaluate the
response accuracy and stability of the algorithm under non-

uniform structural conditions. The performance differences
of each method in terms of RMSE, Abs Rel, and MAE are
shown in Figure 5.

In the RMSE error dimension, GNN-NeRF always
maintains the lowest error value in the four types of
regions. The RMSE in the occluded boundary area is 0.164
meters, which is significantly lower than 0.198 meters of
NeRF-Baseline and 0.201 meters of MiDaS-DPT. The error
compression is mainly attributed to its context graph
structure to complete the missing area and the boundary
continuity modeling advantage. In terms of Abs Rel, this
method reaches 0.114 in the high-frequency edge area,
which is better than 0.132 of Instant-NGP and 0.169 of
COLMAP, showing better relative depth prediction
stability, reflecting its encoding mechanism with stronger
robustness to gradient fluctuations caused by texture
fracture. The MAE indicator further verifies this trend. In
the depth mutation area, the error of this method is 0.144
meters, which is significantly lower than 0.192 meters of
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Fig. 6. Comparison of subjective and objective indicators of texture restoration performance of multiple methods in typical areas.
(a) Structural similarity evaluation results of each method in typical areas. (b) Peak signal-to-noise ratio evaluation results of each
method in typical areas. (c) Perceptual distance evaluation results of each method in typical areas.

COLMAP, reflecting its smoother modeling response to
geometric jump structures in high gradient areas. The
overall results show that the joint modeling method with
enhanced graph structure has higher geometric expression
fidelity and structural error suppression capabilities when
facing discontinuous boundary areas.

5.2 Texture clarity and detail restoration effect

To comprehensively evaluate the performance of different
3D reconstruction methods in texture restoration, this
experiment introduced three subjective and objective
indicators: SSIM, Peak Signal-to-Noise Ratio (PSNR),
and LPIPS, and quantitatively evaluated them from the
perspectives of structural fidelity, image clarity, and
perceptual consistency. The experiment selected five
typical regions, including high-frequency texture (R1),
low-frequency smoothness (R2), edge transition (R3),
occlusion fracture (R4) and illumination change (R5),
which respectively represent visual difficulties such as
texture complexity, surface uniformity, geometric transi-
tion, depth continuity and radiation robustness, and
conducted a fine-grained comparison of the regional
adaptability of the reconstruction results. Method 1:
NeRF is based on volume rendering, emphasizing implicit
expression but lacking local texture detail modeling;
Method 2: Multi-View Stereo Network (MVSNet) adopts
a multi-view stereo strategy, relying on geometric
consistency but suffering from information compression
loss in texture preservation; Method 3: COLMAP
combines sparse reconstruction with explicit texture
mapping, with a clear overall structure but facing the
problem of incomplete occlusion; Method 4: TensoRF
introduces tensor decomposition to achieve a balance
between lightweight structure and expression efficiency;
Method 5 is the method in this paper, which integrates
depth perception and graph structure detail recovery
mechanism based on neural implicit modeling. Figure 6
shows the performance of each method under three
indicators for five types of regions.

In Figure 6, in the high-frequency texture area, the
SSIM of this method is 0.871, significantly higher than
NeRF's 0.782 and MVSNet's 0.808. The PSNR also reaches

27.94dB, far exceeding other methods, indicating that this
model has a stronger ability to preserve local features when
processing areas with complex details, thanks to its multi-
scale convolution fusion and structure-aware optimization
mechanism. In occluded and broken areas, the performance
of traditional methods is generally weak, with most SSIM
values below 0.77, while the proposed method remains at
0.834 and the PSNR reaches 25.74dB, indicating that its
graph neural network's ability to complete context in
discontinuous areas improves the overall structural
continuity. In terms of the perceptual index LPIPS, the
method in this paper has the lowest score in all areas, with a
score of 0.148 in the illumination change area, which is
lower than 0.175 of TensoRF and 0.218 of NeRF, indicating
that its texture restoration under the guidance of
perception is more consistent with human visual consis-
tency. Combined with the performance of the above
indicators, the method in this paper shows strong texture
expression ability and structural restoration robustness in
different areas, effectively alleviating the trade-off problem
between detail integrity and subjective quality in existing
methods.

Figure 7 shows the reconstruction results under four
viewpoints, where the upper row displays the original RGB
images and the lower row presents the corresponding
reconstructed outputs generated by the proposed algo-
rithm. The restored geometry maintains structural consis-
tency with the input while preserving high-frequency
details such as edge contours and surface texture. The mesh
density and texture alignment in occluded and curved
regions remain visually stable, confirming the effectiveness
of the joint depth and texture modeling approach.

In order to quantify the influence of graph neural
network structure on texture refinement quality, an
internal comparative experiment was constructed under
controlled graph convolution depth and topology varia-
tions. The evaluation results are summarized in Table 2.
When adopting a fixed-radius pixel adjacency graph, the
SSIM metric increased from 0.812 to 0.843 as the number of
graph convolution layers rose from one to two, accompa-
nied by a reduction in LPIPS from 0.188 to 0.176,
indicating enhanced structural alignment and lower
perceptual deviation. Extending the depth to four layers
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(a)

Fig. 7. Multi-view comparison of original input images and reconstructed outputs produced by the proposed method. (a) Input RGB
images from different viewpoints. (b) Reconstructed outputs by GNN-NeRF method.

Table 2. Effect of graph structure and depth on texture restoration metrics.

Graph Conv Layers Graph Type

SSIM (HF Region) LPIPS (Occlusion Region)

Fixed-radius pixel graph
Fixed-radius pixel graph
Fixed-radius pixel graph
Superpixel-based graph
Adaptive affinity graph

NN N

0.812 0.188
0.843 0.176
0.838 0.181
0.854 0.169
0.871 0.162

did not yield further improvements, with SSIM marginally
decreasing to 0.838 and LPIPS increasing to 0.181,
reflecting a degradation attributed to feature oversmooth-
ing effects. Under the condition of fixed two-layer graph
convolution, adjustments to the graph topology led to
further differentiation in performance. When replacing the
fixed-radius graph with a superpixel-based graph, SSIM
improved to 0.854 and LPIPS declined to 0.169. The
adaptive affinity graph structure achieved the highest
SSIM at 0.871 and the lowest LPIPS at 0.162, indicating
that structural modeling guided by feature-driven affinity
contributes to higher fidelity in edge continuity and
context preservation. These comparative results demon-
strate that both the depth of graph convolution and the
design of inter-node connectivity play a critical role in the
accuracy of texture structure recovery. The observed
performance variation under different configurations
confirms the necessity of structural optimization in the
design of graph-based texture enhancement modules.

5.3 Multi-view consistency evaluation

To comprehensively evaluate the visual consistency
performance of the proposed method under multi-view
conditions, the experiment compared and analyzed the
fluctuations of the structural similarity (SSIM) and
perceptual distance (LPIPS) indicators of five typical 3D
image reconstruction algorithms under different viewing

directions from the frontal view and multiple angles on
both sides. Among the compared methods, method A and
method B are based on traditional multi-view geometry
and rough depth estimation based on image block
matching, respectively. Methods C and D use neural
implicit network modeling. The former does not perform
texture optimization, and the latter introduces a local
texture restoration strategy. Method E in this paper
introduces a depth perception feature fusion mechanism in
the structural modeling stage, and combines structural
similarity with perceptual loss for collaborative optimiza-
tion. The original intention of the design is to improve the
coherence and detail stability of the reconstructed image
under different viewing angles. In Figure 8, the horizontal
axis is the viewing angle, and the vertical axis represents
the image structure similarity and perceptual distance,
respectively. A double Y-axis line chart is used to
distinguish the nature of the indicators. The left axis
represents SSIM, and the right axis corresponds to LPIPS.

From the overall trend, all methods perform best in the
central perspective, but have varying degrees of perfor-
mance degradation under offset angles. Among them,
method E always maintains a high SSIM value and a low
LPIPS value in the range of —45° to +45° showing its
reconstruction stability under multiple perspectives. The
structural similarity of method E at a viewing angle of 0°
reaches 0.927, which is slightly lower than 0.942 of method
D, but it remains above 0.821 at angles of £30° and +45°.
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Fig. 8. Comparison of structural similarity and perceptual
distance index trends of various methods under multiple
perspectives.

In contrast, the highest value of method A at the same
angle is only 0.801, indicating that method E can still
maintain a high structural consistency under large viewing
angle offsets. In terms of perceptual distance, method E is
0.098 at 0° and only 0.162 at +45°, while method A is as
high as 0.273, indicating that the optimization of texture
modeling by method E effectively suppresses local
perceptual distortion. This consistency advantage across
angles is attributed to the joint expression of depth
information and color features, as well as the contextual
completion mechanism of the graph neural network for
edge texture break areas. It can be seen that the proposed
method exhibits higher visual communication stability and
texture coherence under complex perspective changes.

To further verify the structural consistency and
perceptual stability of the proposed method under larger
viewing angle offsets, the experiment expanded the multi-
view consistency evaluation range from the original £45° to
+90°. A denser sampling point was constructed in the angle
range of +52° to +90°, and the structural similarity and
perceptual distance indicators of each method under these
viewing angles were calculated, respectively, aiming to
systematically examine the performance trend and stability
differences under large viewing angles. The results are shown
in Figure 9.

In terms of structural similarity, the proposed method
still maintains a high level of 0.818 at £52°, slightly lower
than £45° but maintaining a smooth trend, and then drops
to 0.771 at 490°, but is generally better than other
methods, and the decline is controlled within 0.050. The
fluctuations of the comparison methods in the same
viewing angle range are more drastic. Method A is only
0.743 at £52° and drops to 0.703 at 90°, and the structural
expression is significantly weakened. Although Methods B
to D maintain a certain level, the slope of the decline curve
is generally greater than that of the proposed method,
indicating that their structural consistency is unstable
under larger viewing angle offsets. In terms of perceptual
distance, the LPIPS of the proposed method rises gently
from 0.170 at +52° to 0.214 at +90°, maintaining the lowest
value while maintaining a stable trend, indicating that it
has stronger texture retention ability and local continuity
adaptability at the perceptual level. The other methods all
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Fig. 9. Comparison of consistency indicators of multiple
methods under the expansion of viewing angle offset.

showed a significant increase in LPIPS at +75° and +90°
viewing angles, while Method A reached 0.273 at 4+90°
with significant subjective quality degradation, indicating
that it is difficult to maintain texture consistency under
large angle offsets. This shows that the proposed method
still has good structural expression ability and perceptual
stability under a wide range of viewing angle changes, is
more adaptable, and has limited error diffusion.

5.4 Comparative analysis of perceptual quality indicators

In order to comprehensively evaluate the performance of
different 3D reconstruction methods in terms of subjective
visual perception quality, a perceptual consistency com-
parison experiment was designed. Based on the three
indicators of SSIM, LPIPS, and Natural Image Quality
Evaluator (NIQE), the ability differences of each method in
the dimensions of structure restoration, texture realism,
and visual naturalness were analyzed. The first method is
NeRF, which uses ray sampling and voxel density field
modeling for implicit rendering. It shows basic modeling
capabilities in free-view synthesis, but has great limitations
in geometric structure continuity and texture detail
restoration. The second method is Multum in Parvo-
Neural Radiance Fields (Mip-NeRF), which introduces
conical rays and Mip-level sampling strategies based on
NeRF to reduce aliasing artifacts in reconstruction, making
scale changes and edge blurring smoother. The third
method is VolRecon, which constructs a dense voxel grid
and uses a volume rendering fusion strategy for geometric
reconstruction, which improves local consistency and
spatial restoration capabilities, but the texture expression
is still limited by the modeling method. The fourth method
is TensoRF, which constructs a low-rank structured tensor
field through tensor factor decomposition to achieve
efficient compression and fast rendering, and achieves
good results in texture clarity. Method 5 is a 3D
reconstruction algorithm that integrates depth-guided
neural implicit modeling and graph neural network texture
enhancement, jointly encodes the RGB and depth
information of the image, and constructs a NeRF voxel
network with structure-aware constraints. At the same
time, the graph structure context is introduced to complete
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the completion of texture breaks and edge areas, enhancing
the perceptual consistency in visual communication.
Figure 10 shows the box-line statistical distribution of
the three indicators under the five methods. The horizontal
axis is the comparison method, and the vertical axis
corresponds to the SSIM, LPIPS, and NIQE indicators,
respectively. The box in the figure represents the main
distribution range. The median line reflects the central
trend of the indicators of each method, and the box whisker
range depicts its extreme value fluctuations, which helps to
reveal the stability and performance differences of the
algorithm in the subjective quality perception dimension.

The median of method 5 in the SSIM dimension is about
0.8089, which is higher than 0.7604 of method 4 and 0.7406
of method 3, and the distribution box range is the smallest,
indicating that it has higher stability in structural
consistency. In terms of LPIPS, the median value of
method 5 is about 0.1999, which is much lower than 0.3191
of method 1 and 0.2697 of method 2, and the upper and
lower quartile distances are shorter, suggesting that it has
better consistency in the multi-view perception space. This
performance improvement is mainly attributed to the
introduction of perceptual consistency constraints and
deep joint encoding in the model during the training phase,
which makes the texture expression more spatially
coherent. In terms of NIQE indicators, the median of
method 5 is 3.6588, which is significantly better than 4.0362
of method 4 and 4.4435 of method 3. This shows that its
texture restoration is more visually natural, with fewer
artifacts in the reconstructed image and more coordinated
details. The box-line distribution of the three indicators
shows that method 5 achieves better texture integrity and
perceptual quality while ensuring structural fidelity, which
is closely related to its introduction of depth-guided
encoding and graph neural texture completion mechanism.

5.5 Method stability and generalization ability test

In order to evaluate the performance of the three-
dimensional image visual optimization algorithm proposed
in this paper in terms of structural restoration and

perceptual communication, a multi-method comparison
experiment with SSIM and LPIPS as evaluation indicators
was constructed. The compared algorithms cover the
current mainstream neural implicit modeling and multi-
view reconstruction methods, which are as follows: Method
1 is NeRF, Method 2 is the enhanced version of Neural
Radiance Field (NeRF in the Wild, NeRF-W), Method 3 is
MVSNet based on multi-view volume reconstruction,
Method 4 is COLMAP+Texture Mapping (COLMAP
+TM) which combines multi-view matching with tradi-
tional texture fusion, and Method 5 proposed in this study
is an improved algorithm that combines voxel hashing
neural modeling with perceptual consistency optimization
mechanism. The five public datasets used have typical
scene differences. Among them, ScanNet is for indoor
scenes, Tanks & Temples, and Blended Multi-View Stereo
(BlendedMVS) represent complex outdoor and synthetic
environments, Karlsruhe Institute of Technology and
Toyota Technological Institute (KITTI) focuses on urban
traffic perspectives, and Danish Technical University
(DTU) provides densely sampled standard model scenes.
In order to fully reflect the robustness and visual fidelity of
different methods in different scenarios, Tables 3 and 4
show the SSIM and LPIPS index scores of each method on
the above five datasets.

In terms of structural restoration performance, the
improved method that integrates voxel hash coding and a
multi-scale-aware optimization mechanism achieved the
highest SSIM score on all datasets. It performed particu-
larly well on the DTU dataset, reaching 0.934, significantly
higher than NeRF’s 0.901 and COLMAP+TM’s 0.884,
indicating that this method has stronger structural
consistency modeling capabilities in geometrically dense
areas. NeRF-W achieved similar results in ScanNet and
Tanks&Temples, 0.892 and 0.887, respectively, indicating
that the image feature regularization introduced by it helps
improve the robustness in complex texture environments.
Although MVSNet maintained an upper-middle level in
KITTI and BlendedMVS, it performed slightly worse on
the boundaries of structural details due to the lack of a
texture continuity modeling mechanism. In the perceptual
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Table 3. Structural similarity index of each reconstruction method on five typical 3D datasets.

Dataset Method 1 Method 2 Method 3 Method 4 Method 5

ScanNet 0.871 0.892 0.878 0.845 0.915

Tanks&Temples 0.862 0.887 0.869 0.841 0.902

KITTI 2015 0.845 0.867 0.852 0.831 0.887

DTU 0.901 0.915 0.896 0.884 0.934

BlendedMVS 0.868 0.889 0.873 0.842 0.908

Table 4. Perceptual image distance indicators of each reconstruction method on five typical 3D datasets.

Dataset Method 1 Method 2 Method 3 Method 4 Method 5

ScanNet 0.194 0.162 0.175 0.208 0.137

Tanks&Temples 0.188 0.158 0.169 0.204 0.142

KITTT 2015 0.204 0.177 0.189 0.223 0.158

DTU 0.169 0.144 0.158 0.184 0.121

BlendedMVS 0.192 0.159 0.172 0.211 0.139

consistency evaluation, the improved method outperforms 3000

other methods in LPIPS on all datasets. It obtains 1 — Tl

LPIPS = 0.879 on DTU, which is significantly better than 2 T2

NeRF-W’s 0.856. This shows that the dual perceptual % T3

constraint strategy combining SSIM and LPIPS can g T4

effectively reduce the perceptual deviation of reconstructed = 2000 TS

images under texture breaks and illumination changes. &

COLMAP+TM performed the weakest among all indica-  §

tors, indicating that the traditional texture mapping 2

scheme suffers from a large loss of perceptual consistency §

when faced with large viewing angle deviations or o 1000

incomplete depth inputs. Comprehensive analysis shows éo

that the method that integrates deep structure priors, £

perceptual guided training, and graph neural texture <G

completion mechanisms exhibits high structural accuracy

and perceptual stability in multiple scenarios, and has 0-

strong versatility and generalization capabilities. M1 M2 M3 M4 M5
Model

5.6 User-side communication performance evaluation

In order to deeply evaluate the response efficiency of
different 3D reconstruction models in visual communica-
tion tasks, this paper designed a user experiment including
five typical recognition tasks. These tasks include occluded
object positioning (T1), heterogeneous texture recognition
(T2), spatial structure judgment (T3), multi-view consis-
tency judgment (T4), and edge detail discrimination (T5).
This covers the common information communication
obstacles in actual virtual visual scenes, especially the
recognition difficulties caused by geometric continuity
interruptions and texture breaks. Five representative
models were compared in the experiment: Model 1 is the
traditional Structure from Motion- Multi-View Stereo
(SfM-MVS) system COLMAP, which has stable geometric
reconstruction capabilities but lacks texture continuous
expression; Model 2 is the original NeRF framework, which
is modeled based on neural radiation fields and has strong
perspective consistency but insufficient geometric details;

Fig. 11. Average user reaction time of different 3D reconstruc-
tion models in five types of visual communication tasks.

Model 3 introduces NeRF+DepthBaseline with depth map
prior, integrating certain structural guidance but not
optimizing texture and perceptual characteristics; Model 4
is a variant of the proposed method that removes the graph
neural network module, aiming to verify the impact of the
context completion mechanism on edge and texture
expression; Model 5 is the complete optimization algorithm
of this paper, which combines MiDaS depth estimation,
perceptual consistency loss and graph neural enhancement
to achieve multi-level optimization from geometric struc-
ture to subjective perception. Figure 11 shows the average
reaction time of each model under different tasks.

From the experimental results, Model 5 showed the
lowest average reaction time in all tasks. In the edge detail
judgment task, the response speed reached 1530 milli-
seconds, which was significantly lower than COLMAP’s
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Table 5. Comparison of user performance of T1 and T4 tasks under dynamic perturbation conditions.

Task type  Disturbance level Recognition accuracy (%)  Task completion rate (%)  Error variation (%)
T1 No Disturbance 87.3 93.2 5.1

T1 Mild Disturbance 83.2 89.1 6.3

T1 Moderate Disturbance  78.4 84.5 8.2

T1 High Disturbance 72.1 77.8 10.7

T4 No Disturbance 85.5 91.8 6.4

T4 Mild Disturbance 81.4 87.9 7.5

T4 Moderate Disturbance  76.9 83.4 9

T4 High Disturbance 70.6 76.1 11.3

2310 milliseconds. This difference is mainly due to the
structure completion and edge refinement of local texture
fracture areas by the graph neural network, which enables
users to quickly identify targets in structurally blurred
areas. Although Model Three introduces depth priors, due
to the lack of a targeted texture enhancement mechanism,
the response time in heterogeneous texture recognition
tasks is still 2008 milliseconds, which is significantly slower
than the 1598 milliseconds of model five. Model 1 and
Model 2 performed relatively poorly in the multi-view
consistency task, with average response times exceeding
2100 milliseconds, reflecting that neither the traditional
method nor the original NeRF effectively solved the visual
instability problem caused by geometric discontinuity. The
overall results show that in complex visual communication
scenes, the joint optimization of structure completion and
perception guidance significantly improves the efficiency of
user information extraction.

In the experiment of dynamic tasks, the goal is to
evaluate the adaptability of dynamic perturbations to
users in task execution, especially in the two tasks of
occluded target positioning (T1) and multi-view consis-
tency judgment (T4). The experiment introduces different
levels of perturbations to simulate the dynamic changes in
real scenes and examine the visual stability and task
execution efficiency of users under different perturbation
intensities. In the task design, mild, moderate, and high
perturbations gradually increase the complexity of the task
through changes in view angle offset and target occlusion,
and then observe their impact on user performance. The
results are shown in Table 5.

It can be seen from the experimental data that as the
perturbation level increases, the user's performance in the
T1 and T4 tasks decreases significantly. In the T1 task,
mild perturbation reduces the recognition accuracy from
87.3% to 83.2% and the task completion rate from 93.2% to
89.1%. Moderate perturbation further reduces the recog-
nition accuracy to 78.4% and the task completion rate to
84.5%. High perturbation causes the accuracy to drop
sharply to 72.1%, and the task completion rate to 77.8%.
The error change increases to 10.7% under high perturba-
tion conditions, reflecting the significant interference of
occlusion on task execution. Similar trends are also verified
in the T4 task, where mild perturbation reduces the
recognition accuracy from 85.5% to 81.4% and the task
completion rate from 91.8% to 87.9%. Under moderate

perturbation conditions, the recognition accuracy is 76.9%
and the task completion rate is 83.4%, while under high
perturbation conditions, the recognition accuracy drops to
70.6% and the task completion rate is 76.1%. The error
variation also increased to 11.3%, showing the instability of
task execution under high disturbance conditions. The
experimental results show that as the disturbance intensity
increases, the user's performance in task completion ability
decreases significantly, especially in tasks involving visual
occlusion and perspective changes. The data reveals the
interference of visual instability on cognitive processing
and decision-making processes. As the disturbance inten-
sity increases, the user's error rate and response delay
in task execution increase significantly. Under highly
disturbed conditions, it is difficult for users to maintain a
stable flow of visual information, resulting in a decrease
in target recognition accuracy and affected consistency
in task execution. These results show that the intensity
of dynamic disturbance is negatively correlated with
the user's ability to adapt to complex visual environ-
ments, and environments with strong disturbances
significantly weaken the accuracy and efficiency of
task execution.

In order to further verify the performance advantage of
the optimization algorithm at the user perception level, a
multi-dimensional subjective immersion scoring experi-
ment was set up on the basis of completing the response
efficiency evaluation. This experiment continues the five
model settings in Figure 7 and comprehensively describes
the user's immersive experience in the process of watching
the reconstructed image through five perception dimen-
sions: Scene realism (D1) measures the overall realism of
the image, spatial consistency (D2) reflects the stability of
multi-view geometric expression, and texture naturalness
(D3) evaluates whether the texture generation has
continuity and realism. Edge clarity (D4) focuses on the
visual sharpness of the object boundary, and interactive
integration (D5) reflects the user's state of involvement in
the viewing process. These dimensions correspond to the
key communication barriers in image generation and have
a direct impact on the improvement of perceived quality.
The experiment presents the scores of each model in five
dimensions in the form of a grouped bar chart, and
superimposes the average score line for overall trend
judgment. Different colors are used to distinguish the
scoring dimensions in Figure 12. The X-axis represents the
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Fig. 12. Comparison of subjective evaluations of different 3D
reconstruction models in the five dimensions of immersion.

names of the five models, the left side of the Y-axis
corresponds to the dimension score value, and the right side
corresponds to the average immersion score, which is used
to assist in observing the correlation between multi-
dimensional performance and overall evaluation.

Model 5 received the highest evaluation in all
dimensions, with an average score of 6.20 points. It scored
6.1 points and 6.3 points in the dimensions of scene realism
and interactive integration, respectively, showing the
significant effectiveness of the graph neural completion
mechanism and perceptual consistency optimization in
enhancing the subjective immersive experience. Model 4
scored 5.3 in terms of texture naturalness, which is
significantly lower than Model 5's 6.2. This shows that
after removing GNN| the expression of the texture area still
has local structural defects, which affect the user's overall
immersion judgment. Although Model 3 introduced a
depth prior and scored 5.1 in terms of spatial consistency,
which is an improvement over NeRF, it did not reach 5
points in terms of edge clarity and scene realism, and still
did not effectively alleviate the problems of geometric
discontinuity and texture drift. The traditional MVS
method (model 1) is in the lowest range in the five
dimension scores, with an average score of less than 4
points. Its poor texture restoration ability directly weakens
the user's perception of the real scene. The results show
that structural perception optimization and contextual
texture completion have a key impact on the subjective
immersive experience. The improvement of the optimiza-
tion model in the logical consistency of image construction
and the ability to express details jointly support the
significant enhancement of immersion.

5.7 Influence of multi-scale fusion weights

To investigate the impact of multi-scale feature fusion
weight configuration on 3D image structural perception
and visual consistency, this paper conducted experiments
perturbing the weight parameters of the three convolution
kernel branches within a trained multi-scale convolutional
module by +10%. The three sets of convolution kernels
correspond to 3x3 (wy), 5x5 (ws), and Tx7 (ws3) scales,

Table 6. The impact of multi-scale fusion weight
perturbation on high-frequency regional structure and
perception indicators.

Perturbation condition SSIM 1 LPIPS | PSNR (dB) 1

Baseline (no change)  0.871  0.162 27.94
w; —10% 0.85 0.176 26.43
wy +10% 0.872  0.161 28.01
wy —10% 0.862  0.168 27.62
wy +10% 0.868  0.165 27.89
w3 —10% 0.869  0.163 27.9

wz +10% 0.873  0.16 28.03

focusing on local image details, regional semantics, and
global context, respectively. The perturbation experiments
reduced or increased the weight of one of the parameters
while keeping the other parameters unchanged to analyze
the differences in the role of features at different scales in
the overall modeling. Evaluation metrics included struc-
tural similarity (SSIM), perceptual distance (LPIPS), and
peak signal-to-noise ratio (PSNR). The various perturba-
tion schemes were compared using a unified dataset and
training configuration. The experimental results are shown
in Table 6.

Among the various perturbations, decreasing the w;
parameter resulted in a 0.021 decrease in SSIM, a 0.014
increase in LPIPS, and a 1.51 dB decrease in PSNR,
demonstrating a significant impact on structural continui-
ty and texture consistency. The 3x3 convolutional kernel
primarily targets local edge regions of the image, and its
weight changes directly impact the model's detail recovery
capabilities. When its contribution is weakened, structural
representation and perceptual alignment performance in
high-frequency regions significantly degrade. In contrast,
perturbing wo results in smaller fluctuations in these
metrics, indicating that the mid-scale semantic structure
modeled by the 5 x 5 convolutional kernel plays a moderate
role in maintaining local stability. Perturbing w3 results in
the smallest fluctuations in structural and perceptual
metrics, indicating that the global perceptual features
modeled by the 7 x 7 convolutional kernel are less sensitive
in high-frequency regions. Experimental results demon-
strate that in multi-scale feature fusion, low-scale channels
dominate the modeling of image details and structural
boundaries. Properly configuring weights is key to
improving image clarity and perceptual consistency.

5.8 Real-time performance and dynamic scene
evaluation

In order to evaluate the runtime stability and visual
structure continuity of the algorithm in dynamic scenes, a
frame-level time series dataset was constructed to jointly
analyze the inference delay and cross-frame image
consistency. The experiment was measured under 60
frames of continuous dynamic input, recording the
inference time of each frame and the structural similarity
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Fig. 13. Joint trends of the algorithm's frame-level inference latency, structural consistency, and perceptual stability in dynamic

sequences.

and perceptual distance between adjacent frames, and
simultaneously drawing a three-dimensional joint curve to
show the temporal change trend of the system response and
image consistency. Figure 13 shows the change trajectory
of the three indicators of frame-level inference time,
structural similarity (SSIM), and perceptual distance
(LPIPS) in the dynamic frame sequence of the algorithm
as the frame advances.

The inference delay curve fluctuates slightly between
42 milliseconds and 44 milliseconds, with an average of
42.7 milliseconds, reflecting that the method maintains
stable frame processing capabilities in dynamic tasks. The
SSIM curve remains between 0.972 and 0.980 for most of
the time, with a small fluctuation range, and only a slight
drop occurs at a few frame points, indicating that the
reconstructed image performs well in terms of inter-frame
structural continuity. The LPIPS index varies in the range
of 0.145 to 0.165 as a whole, with a maximum value not
exceeding 0.182, indicating that the consistency between
images in the perceptual dimension has not been
significantly disturbed. The stable trend of SSIM and
LPIPS is closely related to the synchronous stability of the
inference time, indicating that the algorithm effectively
suppresses the structural and semantic drift caused by
disturbances while maintaining high operating efficiency.
The coupling performance between the three indicators
supports the method's ability to be real-time and
consistent across frames in dynamic scenes.

6 Conclusions

This paper proposes a 3D image visual communication
optimization algorithm that integrates neural implicit
modeling and multi-scale visual perception. By jointly

encoding RGB images and MiDaS depth maps into the
voxel hashing NeRF framework and introducing structural
similarity constraints and perceptual consistency loss
functions, the geometric accuracy and texture authenticity
of 3D reconstruction are significantly improved. Experi-
ments have verified that the RMSE of depth reconstruction
in occluded areas of the algorithm is reduced to 0.164
meters, which is 0.043 meters lower than the traditional
NeRF method; the SSIM in high-frequency texture areas
reaches 0.871; in multi-view consistency evaluation, the
LPIPS under a +45° viewing angle offset is stable at 0.162,
with the maximum reduction of 40.7% compared with the
comparison method. These data show that the joint
expression of depth information and color features and the
context completion mechanism of graph neural networks
for texture fracture areas effectively enhance the restora-
tion ability of complex structures and the stability of cross-
view perception. Current methods are limited to static
scene reconstruction, lack adaptability to dynamic objects
and extreme lighting, and consume high computing
resources. In the future, it is necessary to explore
lightweight real-time modeling architecture, combine
physical lighting models to optimize the expression of
material reflection characteristics, and expand to non-rigid
scene reconstruction to support the construction of highly
interactive virtual environments.
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