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Abstract: Recent studies have explored the generation of three-dimensional (3D) meshes from single
images. A key challenge in this area is the difficulty of improving both the generalization and detail
simultaneously in 3D mesh generation. To address this issue, existing methods utilize fixed-resolution
mesh features to train networks for generalization. This approach is capable of generating the overall
3D shape without limitations on object categories. However, the generated shape often exhibits a
blurred surface and suffers from suboptimal texture resolution due to the fixed-resolution mesh
features. In this study, we propose a joint optimization method that enhances geometry and texture by
integrating generalized 3D mesh generation with adjustable mesh resolution. Specifically, we apply
an inverse-rendering-based remeshing technique that enables the estimation of complex-shaped mesh
estimations without relying on fixed-resolution structures. After remeshing, we enhance the texture
to improve the detailed quality of the remeshed mesh via a texture enhancement diffusion model. By
separating the tasks of generalization, detailed geometry estimation, and texture enhancement and
adapting different target features for each specific network, the proposed joint optimization method
effectively addresses the characteristics of individual objects, resulting in increased surface detail and
the generation of high-quality textures. Experimental results on the Google Scanned Objects and
ShapeNet datasets demonstrate that the proposed method significantly improves the accuracy of 3D
geometry and texture estimation, as evaluated by the PSNR, SSIM, LPIPS, and CD metrics.

Keywords: 3D content creation; image-based 3D generation; joint optimization; texture enhancement;
geometry enhancement

MSC: 68T07; 68U10; 68T45

1. Introduction

Recently, the generation of three-dimensional (3D) meshes from single images has
become a prominent topic in computer vision and graphics. High-quality 3D mesh models
are central to 3D vision and graphics applications, and 3D editing, rendering, and sim-
ulation tools have been specifically optimized for this purpose. Traditionally, 3D mesh
assets have been manually created by expert artists or generated using photogrammetry
systems [1]. However, recent approaches—such as neural-network-based methods, for
example, neural radiance fields (NeRFs) [2]—offer simpler end-to-end pipelines through
3D optimization. Nevertheless, NeRF-based methods require additional postprocessing
to convert the predicted 3D rendered images into meshes [3,4]. To address this issue,
research on generating 3D meshes from single images is ongoing [5-9]. However, this field
is challenging because of the need to represent complex 3D shapes as meshes. 3D data often
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include discontinuities, such as irregular triangular surface structures, which complicate
shape generalization and learning. Traditional methods frequently employ fixed-resolution
meshes during training, leading to significant limitations in accurately capturing complex
shapes. These approaches often involve trade-offs between detail and computational effi-
ciency, which affect the overall quality of the generated 3D models. To address these issues,
many single-image-based 3D reconstruction methods have focused on generalizing 3D
shape estimation. However, they often rely on rigid 3D mesh network structures, which
have clear limitations in capturing the level of detail necessary for high-quality 3D models.

To overcome these challenges, we propose a joint optimization method to enhance
both the geometry and texture of 3D meshes derived from the generalization of 3D shape
estimations from a single image. The proposed method integrates generalized 3D mesh
generation with the capability of dynamically adjusting mesh resolution. This integration
enables a more flexible and precise representation of complex shapes.

The proposed method is divided into three main parts: (1) coarse 3D mesh reconstruc-
tion, (2) geometry enhancement, and (3) texture enhancement. In the first part, a coarse
3D mesh is generated on the basis of a single image via a pretrained large reconstruction
model (LRM). Although this mesh is not detailed, it maintains the overall shape of the
object and addresses the problem of shape distortion that can occur when a single image is
predicted. Building on this coarse 3D mesh, we perform joint optimization-based geometry
and texture enhancement through inverse rendering. For geometric enhancement, we
extract sparse mesh vertices and normal map images from the coarse 3D mesh and perform
continuous remeshing via inverse rendering to generate a dense vertex mesh. Next, texture
enhancement is applied to the dense vertex mesh to obtain high-quality texture details,
ensuring a comprehensive improvement in both the geometry and texture. To improve the
geometric quality of the coarse 3D texture mesh, we use a diffusion model to enhance the
normal maps.

The main contributions of this study are as follows:

1.  We propose a joint optimization-based approach for texture and geometry enhance-
ment using an LRM model to maintain the overall 3D geometry while achieving a
high-quality textured mesh.

2. We integrate it with an inverse-rendering-based continuous remeshing technique
that enables continuous and complex-shaped mesh estimation without relying on
fixed-resolution meshes.

3. We propose combining it with inverse texture mapping and applying rendering image
enhancement via a diffusion model.

The remainder of this paper is organized as follows: Section 2 reviews related work in
the fields of 3D diffusion, large reconstruction models, and inverse rendering. Section 3
details the proposed joint optimization-based texture and geometry enhancement method,
including its key components and innovations. In Section 4, the experimental results are
analyzed to demonstrate the effectiveness of the proposed method. Section 5 concludes
the paper, discusses the proposed method in the context of experimental findings, and
elaborates on its limitations.

2. Related Work
2.1. 2D Images to 3D Diffusion Model

Subsequent to the advent of 2D diffusion models, such as stable diffusion [10] and
DALL-E [11], it has become possible to utilize these models to train NeRFs [2] and develop
3D generation models. Reconstructing 3D scenes and objects from a single image is a
critical task for 3D vision. Various methods have been explored to achieve improved 3D
representations. Explicit representation techniques include point cloud data [12-14], 3D
voxel grids [15,16], multiplane images [17,18], meshes [19,20], and 3D Gaussians [21]. The
implicit representation methods include signed distance fields (SDF) [22,23] and neural
fields [24-29], which have been studied to increase the reconstruction accuracy.
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DreamFusion [30] and Magic3D [31] have demonstrated that 2D generative models
can be adapted for 3D generation. These studies introduced score distillation sampling to
generate 3D shapes from text by using 2D diffusion models to supervise and optimize the
3D representations. Although these optimization-based methods can generate 3D object
scenes from single-image inputs, they encounter issues related to 2D diffusion models,
which may produce redundant and inconsistent content. For example, objects may be nearly
invisible or obscured at certain angles. This finding indicates that 3D objects can differ from
different viewpoints or under different lighting conditions, revealing the limitations of 2D
lifting methods when creating 3D models from a single viewpoint because of potential
discrepancies and ambiguities between scenes.

To address these challenges, models such as MVdream [32] and Zero123 [33] have been
proposed for generalized 3D content creation. MVdream [32] enhances the generalization
capabilities of 2D diffusion models and the consistency of 3D rendering by learning from
both 2D and 3D data. The Zero123 [33] model introduces a novel approach that uses relative
camera poses as conditions to generate 3D shapes from 2D images, enabling consistent
shape inference from various viewpoints to estimate stable 3D models. Models such as
viewset diffusion [34] and SyncDreamer [35] utilize attention layers to generate consistent
multiangle color images. Conversely, Zero123 [33] creates a model that generates images
from different viewpoints within a 3D scene using a single image and camera matrix (R, T).
Whereas previous diffusion models relied solely on single images to create 3D synthetic
views, this approach fine-tuned the diffusion model on the basis of viewpoint conditions,
significantly enhancing its ability to predict high-resolution textures and geometric details.
Zerol123++ [36], an advanced version of Zero123 [33], subsequently demonstrated improved
performance by tiling six images in a 3 x 2 layout, fixing the azimuth and elevation, and
training the diffusion model on these camera poses.

Additionally, some studies have been conducted on 3D generation in the form of 3D
point clouds by combining techniques such as diffusion models, neural rendering, and
Gaussian splatting [37]. Although these studies are suitable for generating large-scale
scenes, they tend to lack detail because of their point cloud nature, making them unsuitable
for creating high-quality 3D content.

Even though these methods integrate 2D diffusion models and 3D data and can
generate 3D scenes from single images, their primary focus remains on rendering image
estimation or 3D point clouds. Consequently, they often lack the ability to fully represent
geometric information, and the quality of 3D mesh results may be compromised because of
incomplete texture information (e.g., shape, depth, and texture) during postprocessing.

2.2. Large 3D Reconstruction Model

LRMs [8,9] have been designed to predict 3D models of objects quickly and accurately
from a single input image. These models use a transformer-based encoder-decoder archi-
tecture to effectively learn 3D representations of objects from a single image. The image
features generated by the encoder are transformed into vectors with spatial and positional
information via the transformer-decoder structure. These vectors are then converted into a
triplane feature map by upsampling. A multilayer perceptron (MLP) decodes this feature
map to predict color and density, enabling volume rendering from arbitrary viewpoints.
LRMs require only multiview supervision, rendering them applicable to training with 3D,
video, and image datasets. These models analyze global and local image characteristics
to transform them into 3D shapes, demonstrating a high generalization capability for
multiview outputs and generating detailed 3D outputs from limited data, thus improving
the 3D generation quality.

Several studies have been conducted on LRMs to create generalized models for recon-
structing 3D models from images. Instant3D [8] fine-tunes a 2D text-to-image diffusion
model to generate consistent four-view images and then uses the LRM model to lift these
images into 3D. However, owing to the use of relatively low-resolution triplanes in the
feed-forward reconstructor, the generated textures tend to be blurry compared with the
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input images. CRM [6] generates six orthographic images from a single input image.
A different diffusion model was used to create a canonical coordinate map (CCM). The
six images and CCMs were sent to the CRM, which reconstructed the textured meshes.
This approach effectively leverages the spatial relationship between the input image and
output triplane, reducing training costs compared with those of previous transformer-based
methods. However, as noted in a subsequent study [38], performance degrades if the input
image has a large elevation or different fields of view. LGM [39] and GRM [40] have been
proposed as models that perform LRM-based 3D generation via Gaussian models. They
replace the traditional triplane NeRFs with 3D Gaussian representations. Although this
method improves rendering efficiency in 3D reconstruction, it faces limitations in accurately
extracting high-precision geometric details and surface textures. InstantMesh [7] combines
the strengths of off-the-shelf multiview diffusion and LRM-based sparse-view reconstruc-
tion models to generate various 3D assets within 10 s. However, the transformer-based
triplane decoder in the LRM creates 64 x 64 triplanes, which can cause bottlenecks in
high-quality 3D modeling. Although using Flexicube can reduce mesh surface artifacts and
improve smoothness, its performance decreases when modeling small and thin structures.
TripoSR [5] significantly enhances data processing, model design, and training techniques
on the basis of the LRM network architecture. It improves technology using a transformer-
based architecture and multiple axes, demonstrating high computational efficiency and fast
reconstruction capabilities. It performs well with datasets similar to the Objaverse dataset;
however, it shows a lack of imagination ability, reduced geometric quality, and texture on
the back side when handling freestyle input images.

Current single-image-based 3D reconstruction methods focus on generalizing 3D
shape estimation and are often based on fixed 3D mesh network structures. This study pro-
poses a method for enhancing geometry and texture through joint optimization combined
with generalized 3D mesh generation.

2.3. Inverse Rendering

Inverse rendering begins with the rendered image, compares it to some form of the
ground-truth image, and updates the parameters of the scene elements with the loss that
compares the images. Inverse rendering-based 3D reconstruction methods have been
conducted for 3D object and scene generation.

The objective of inverse rendering is to decompose an image into its geometric struc-
tures, material properties, and lighting conditions. Considering the inherent ambiguity
between observed images and their fundamental attributes, various methods with different
constraints have been proposed. For example, some methods capture images using fixed
lighting while rotating objects [41], whereas others use moving cameras with simultaneous
lighting [42]. Inverse rendering models combined with neural representations simulate
the interaction of light with neural volumes and diverse material properties to model
the scene and estimate lighting and material parameters during the optimization process.
Neural reflectance fields [43] represent a scene as a field of volumetric density, surface
normals, and bidirectional reflectance distribution functions (BRDFs) with known point
light. PhySG [44] assumes the visibility of all light sources without shadow simulation and
represents lighting and scene BRDFs using spherical Gaussians for acceleration. NeRV [45]
and InvRender [46] extend this approach to arbitrarily known lighting conditions and
train additional MLPs to model the lighting visibility. TensolR [47] adopts an efficient
TensoRF [48] representation to compute the visibility and indirect lighting through ray
tracing, although it is limited to the object level. To model surface geometry via point
clouds, fuzzy metaballs (FMs) [49,50] offer an excellent method for rendering depth via
3D Gaussians, along with order-independent transparency and approximate intersections.
GS-IR [51] leverages 3D Gaussian splatting (3DGS) to achieve novel photorealistic view
synthesis and relighting results.

However, these methods require multiple images for 3D generation. To address this
issue, recent approaches focus on large 3D reconstruction models that use only a single
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image. However, current large 3D reconstruction models have limitations that result in
3D models with reduced surface and texture details, which restricts their ability to create
high-quality 3D content. Therefore, we propose a joint optimization method with 3D LRM
for texture and geometry enhancement. The overall 3D shape based on a single image
is generated by integrating a 3D LRM model, and the surface and texture details of the
generated 3D model can be enhanced through the proposed joint optimization method,
which includes continuous remeshing and a diffusion model.

3. Joint-Optimization-Based Texture and Geometry Enhancement Methods
3.1. Overview of the Proposed Joint Optimization Method

We propose a joint optimization method that enhances geometry and texture by
integrating generalized 3D mesh generation with adjustable mesh resolution. Figure 1
shows an overview of the proposed method, which comprises three main parts: coarse
3D mesh reconstruction, geometric enhancement, and texture enhancement. In response
to the input of a single image, a coarsely textured 3D mesh is generated, followed by
enhancements to both the shape and texture based on the generated mesh. Each stage takes
approximately 10 s of processing time. Initially, a coarse 3D mesh is generated from a single
image using InstantMesh [7], which is a pretrained LRM that retains the overall shape
and addresses shape distortion despite the lack of fine details. In this process, multiview
RGB and normal maps are generated via multiview diffusion methods such as zero123 [33].
These are used not only to create a coarse 3D mesh but also to aid in geometry and texture
enhancement, which reduced distortions in the 3D shape during joint optimization. The
generated coarse mesh is then refined through a joint-optimization-based geometry and
texture enhancement via inverse rendering techniques. For geometry enhancement, sparse
mesh vertices and normal map images are extracted from the coarse mesh, and continuous
remeshing is performed to generate a dense vertex mesh. To further improve the geometric
quality, a diffusion model is employed to enhance the normal maps. Finally, texture
enhancement is applied to the dense vertex mesh to achieve high-quality texture details,
ensuring comprehensive improvements in both the geometry and texture. In the following
subsections, we explain the joint optimization-based geometry and texture enhancement
in detail.

3.2. Geometry Enhancement for Joint Optimization

To further enhance the coarse mesh with rich details, instead of directly manipulating
the mesh vertices, we propose improving and editing the initial mesh using normal maps as
an intermediate representation (Figure 2). First, a coarse mesh is rendered into normal maps.
The normal-based diffusion model is subsequently leveraged to enhance the rendered
normals with intricate details. The refined normals subsequently serve as supervision to
optimize the mesh, which yields a refined mesh with rich details.

3.2.1. Normal Map Enhancement

We propose using normal maps as an intermediate representation instead of directly
manipulating the mesh vertices to enrich the coarse mesh with finer details. The proposed
approach first renders the coarse mesh into normal maps and subsequently applies a
normal-based diffusion model to enhance these maps with intricate details. The refined
normal maps are then used for supervision to optimize and improve the mesh, resulting
in a highly detailed final mesh. We employ ControlNet [52] to enrich the details of the
rendered normal maps. We propose a more efficient approach that leverages preexisting
priors from a 2D diffusion model trained in the depth domain. The proposed method
involves finetuning a diffusion model [53] on normal images, after which a pretrained
ControlNet-Tile network is applied. We fine-tune the stable diffusion model trained on
depth data, training it with the text “normal map” and normal map training images. This
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3.2.2. Continuous Remeshing

Inspired by [54], this approach processes a vertex optimization through continuous
remeshing using the multivew enhanced normal map images. The mesh is optimized by
manipulating its vertices (V) and faces (F); the optimization is guided by enhanced normal
maps 7;. During optimization, differentiable rendering is used to render normal maps from
the current mesh, denoted as R, (V, F, 7t;), where 71; represents the camera information for
the i-th rendering. The goal is to minimize the Mean Squared Error (MSE) loss difference
between the rendered and enhanced normals, which is expressed as

~ 1
Lremeshing = ZHni - RH(V/ F, 7'[1')”1 @)
i

During each iteration, vertex positions are updated on the basis of the gradients
from the backward loss process, followed by remeshing operations, such as edge splitting,
merging, and flipping, as proposed in [54]. During the optimization process, the vertices
and faces of the sparse vertex mesh are progressively updated, leading to the formation of
a dense vertex mesh upon completion. The dense vertex mesh represents the final outcome
of the remeshing procedure, wherein the shape is optimized using enhanced normal map
images, thereby improving the level of detail in the 3D mesh.

3.3. Texture Enhancement for Joint Optimization

As shown in Figure 3, the generated dense vertex mesh must be initialized through
dense mesh texture mapping using sparse vertices and texture maps. Thereafter, the low-
resolution dense mesh texture map is enhanced to a high-resolution texture map by using
an RGB enhancement model and a texture enhancement model with a renderer. The details
of each component are as follows.
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3.3.1. Dense Mesh Texture Mapping

Dense mesh texture mapping using a kd-tree and natural neighbor interpolation (NNI)
involves transferring the texture from the source to the target mesh by leveraging geometric
relationships. First, a kd-tree is built using the 3D coordinates of the vertices in the source
mesh to enable efficient nearest-neighbor searches. For each vertex in the target mesh, the
vertex closest to the source mesh is determined using the kd-tree. The NNI is then applied
to interpolate the texture values (e.g., colors or UV coordinates) based on neighboring
vertices from the source mesh, ensuring smooth transitions and natural texture mapping
across the target mesh. Finally, the interpolated texture values are projected onto the
target mesh using optional postprocessing steps, such as smoothing, to enhance the quality
of the mapping. This approach enables accurate texture transfer between meshes while
maintaining geometric and visual consistency.

3.3.2. Rendering Image Enhancement

For rendering image enhancement, the rendered images are captured from six fixed
viewpoints: front, back, left, right, top, and bottom. These six rendered images are then en-
hanced using a multiview conditional diffusion model based on a stable diffusion backbone
individually. Cross-attention modules are employed to capture global features that remain
consistent regardless of the viewpoint, allowing for a more robust understanding of the
object. The denoising U-Net extracts local features from the multiview inputs, which are in-
tegrated into the self-attention module to encode 3D correspondences. The 2D self-attention
layers of stable diffusion are extended to 3D to facilitate interactions between views, and
the camera poses are encoded using a two-layer MLP and added to the time embedding.

3.3.3. Texture Enhancement

To enhance specific parts of a texture map via image rendering, we apply projec-
tive texture mapping. First, the enhanced rendering images captured from the fixed six
viewpoints (front, back, left, right, top, and bottom) are to be projected onto the 3D scene.
Inverse texture mapping is used to determine which texture coordinates correspond to the
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enhanced image pixels, utilizing the projection matrix from rendering. The texture map
is updated by applying the enhanced pixels to the correct coordinates, blending new and
original textures if needed. Finally, the object is rerendered with the updated texture map
to verify the changes and make any additional adjustments.

4. Experiments
4.1. Experimental Settings
4.1.1. Dataset

We quantitatively evaluated the performance of the proposed model using two public
datasets: Google Scanned Objects (GSO) [55] and ShapeNet [56]. The GSO dataset contains
approximately 1000 objects, from which we randomly selected 50 objects for the evaluation
set. For ShapeNet, we curated 25 boat objects and 25 car objects by specifically organizing a
list of items tagged as “ship” and “warship” for the boat data. We selected 50 objects from
the ShapeNet dataset because boats and cars share a common 3D shape but differ in surface
details. The ShapeNet dataset, consisting of 50 objects categorized as boats and cars, allows
us to verify whether the surface and texture improve, while the GSO dataset, composed of
50 randomly selected object types, demonstrates that the algorithm can generate various
object types. We created two image evaluation sets for GSO and ShapeNet to assess the 2D
visual quality of the generated 3D meshes. Specifically, the camera elevation was fixed at 0°
for each object. For the eight generated views, the azimuth was set to 45-degree intervals,
resulting in eight images. Each image was rendered with a resolution of 1024 x 1024 pixels.

4.1.2. Evaluation Metrics

We selected five metrics to compare the quality of 2D and 3D geometries. For the 2D
evaluation, we compared eight images rendered from the ground truth and generated 3D
meshes at the same angles using the PSNR, SSIM [57], and LPIPS [58] as metrics. The peak
signal-to-noise ratio (PSNR) is used to evaluate the amount of image quality loss between
two images by normalizing the error between their pixels. A smaller error indicates greater
similarity between two images. The structural similarity index measure (SSIM) evaluates
the correlation between two images (X, y) in terms of three aspects: luminance, contrast, and
structure (with « = 3 =y = 1). A higher SSIM value indicates better image quality, and it is
used to assess the degree of quality loss between two images. Learned perceptual image
patch similarity (LPIPS) uses the results from a pretrained neural network to evaluate the
similarity between two images. The two images are passed through a VGG network, and
feature values from intermediate layers are extracted. The similarity of these features is
then measured as the evaluation metric. For a 3D evaluation comparison, we adopted the
chamfer distance (CD). CD was adopted for 3D evaluation and measures the similarity of
3D shapes. It assesses the similarity between points sampled from a 3D model based on the
distance between the nearest points. A lower value indicates greater similarity. We aligned
the coordinate system of the generated mesh with the ground truth and repositioned and
rescaled all the meshes, including the ground truth, to fit within a cube of size [—1, 1]3. We
then uniformly sampled 16k points from the surface of the meshes in this standardized
environment for evaluation.

4.2. Experimental Results
4.2.1. Results of the Joint Optimization-Based Texture and Geometry Enhancement

Figure 4 shows the results of the proposed joint optimization-based texture and
geometry enhancement. In the first and second rows, where no geometry optimization is
applied, the ship and car lack detailed features such as the ship’s window and the car’s
wheel. However, with the application of geometry optimization, as shown on the right, the
details of the window and wheel are enhanced. Additionally, in the third and fourth rows,
where texture enhancement is applied, the generated texture closely resembles the original
input image, demonstrating a more similar color and enhanced texture details.
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Figure 4. Qualitative results of the proposed joint optimization method.

4.2.2. Quantitative and Qualitative Results on the ShapeNet [55] Dataset

Table 1 presents the evaluation of the 3D estimation using the ShapeNet [55] dataset.
The proposed method achieved the highest PSNR, SSIM, LPIPS, and CD, significantly
outperforming the other methods. This demonstrates the superior performance of the
proposed approach in accurately estimating and reconstructing 3D objects, with improved
image quality and geometric accuracy compared with existing techniques. The high PSNR
and SSIM values indicate better fidelity and structural preservation in the reconstructed 3D
models with enhanced texture fidelity, whereas the low CD scores reflect a more precise 3D
geometric correspondence.

Table 1. Quantitative results on the ShapeNet [55] dataset.

Method PSNR 1 SSIM 1 LPIPS | CD |
TripoSR [5] 20.499 0.906 0.094 0.00556
CRM [6] 20.412 0.914 0.097 0.01276
InstantMesh [7] 21.278 0.923 0.089 0.00867
Real3D [59] 20.717 0.910 0.094 0.00448
Ours 21.289 0.933 0.088 0.00430

Figure 5 provides visual comparisons between the performances of related 3D genera-
tion models and the proposed method on the ShapeNet [55] dataset for the experiments.
These comparisons highlight the effectiveness of the proposed approach in generating more
accurate 3D mesh models, as evidenced by the finer details, improved surface representa-
tion, and enhanced texture fidelity derived from the input images.
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Figure 5. Qualitative comparison results on the ShapeNet dataset: (a) TripoSR [5], (b) CRM [6],
(c) InstantMesh [7], (d) Real3D [59], and (e) Ous.

4.2.3. Quantitative and Qualitative Results on the GSO [54] Dataset

Table 2 presents the evaluation of the 3D semantic estimation using the GSO [54]
dataset. This demonstrates the superior performance of the proposed approach in ac-
curately estimating and reconstructing 3D objects, with improved image quality and
geometric accuracy compared with existing techniques. This confirms that the approach is
applicable to both the ShapeNet [55] and GSO [54] datasets.

Table 2. Quantitative results on the GSO dataset.

Method PSNR 1 SSIM 1 LPIPS | CD |
TripoSR [5] 20.341 0.874 0.142 0.01821
CRM [6] 19.665 0.874 0.150 0.02726
InstantMesh [7] 20.120 0.880 0.142 0.02015
Real3D [59] 19.967 0.867 0.145 0.02222
Ours 20.423 0.882 0.141 0.01713

Figure 6 provides a visual comparison of the performances of TripoSR [5], CRM [6],
InstantMesh [7], and Real3D [59] and the performance of the proposed method on the GSO
dataset. The results show that, on the GSO [54] dataset, the proposed method generates 3D
meshes with superior detail and color accuracy compared with the other approaches.
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Figure 6. Qualitative comparison results on the GSO dataset: (a) TripoSR [5], (b) CRM [6], (¢) In-
stantMesh [7], (d) Real3D [59], and (e) Ous.

5. Conclusions

In this study, we introduced a joint optimization method to enhance the geometry
and texture of a 3D mesh generated from a single image. The proposed approach, which
combines inverse rendering with generalized 3D mesh generation, significantly improves
the accuracy of 3D shape and texture estimation. By addressing the limitations of fixed-
resolution meshes and adapting image features for specific networks, the proposed method
demonstrated strong performance across various datasets. This advancement not only
enhances the detail and texture quality but also provides a valuable contribution to the
field of 3D reconstruction. In the experimental results, objects such as cars, buses, and
boats, which do not have significant differences in width and height, tend to have their 3D
models generated to closely resemble their actual shapes in the real world. However, for
larger vessels such as ships, the width is significantly broader than the height, which can
result in a reduced size ratio of the ship within the image when input to fit the width. This
leads to decreased detail or distorted 3D shapes in the final results. Future research will
focus on addressing the issue of detail reduction caused by large discrepancies in width
and height ratios, as seen in 3D models of ships. Additionally, we plan to expand the
proposed methods to larger and more diverse datasets, apply inverse rendering tailored
to various lighting conditions and materials, and improve computational efficiency for
broader applications.
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