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Supplementary Material

1. Implementation details

Our experiments focus on both mesh visual quality and
mesh geometric quality. Following previous work [5, 7, 8,
10], we perform our experiments on the Google Scanned
Objects (GSO) dataset [2]. For a fair experimental com-
parison, all objects in the GSO dataset are rendered at a
resolution of 512 x 512 with Blender Cycles rendering en-
gine as the input images for all methods. For geometric
quality evaluation, all generated meshes are normalized to
the bounding box of [—1,1] to ensure alignment, where
30k points are sampled for each mesh for geometric evalu-
ation. For visual quality evaluation, we select elevation an-
gles from {0, 15,30} and 8 evenly distributed azimuth an-
gles to render each mesh generated from different methods,
resulting in 24 views per mesh. We employ PSNR, SSIM,
LPIPS, and Clip-Similarity (Clip-Sim) as metrics to evalu-
ate the visual quality. For geometric quality evaluation, we
utilize Chamfer Distance (CD) and F-Score as metrics.

We utilize the pre-trained high-resolution multi-view im-
age generator and high-resolution multi-view normal gener-
ator from Unique3D [8] with the same settings. We rely on
supervision from orthogonal views in both mesh initializa-
tion and mesh coarse reconstruction. The initialized mesh is
inferred from normal maps with a resolution of 256 x 256,
and subsequently simplified to a mesh with 2,000 faces. To
strike a balance between efficiency and generation quality,
we set the parameter V' = 72 in the Cyclic View Consis-
tency Refinement (CVCR) module, resulting in an angle
difference of 360°/72 = 5° between two adjacent views.
We set the loss weights as A; = 1 and A\s = 10 based on
empirical evaluation.

In coarse mesh reconstruction and CVCR module, the
mesh needs to be optimized through multiple iterations. The
number of iterations for coarse mesh reconstruction is set
to 200 steps, and the number of iterations for CVCR is
set to 50 steps. This study focuses on optimizing the ap-
pearance and geometric quality of meshes. The enhanced
multi-view color images are processed using the coloring
algorithm from Unique3D [8]. For further details, refer
to Unique3D [8]. For our designed mesh outlier metric,
Outlier Risk Measures (ORM), we configure the confidence
level £ = 95% and set A = 10.

2. Additional results

2.1. More visual comparison

We present more visual comparisons between our De-
hallu3D and other 3D mesh reconstruction methods includ-
ing SF3D [1], CRM [7], InstantMesh [5], TripoSR, and
Wonder3D [4] in Figure 1. Due to the noticeable shortcom-
ings of meshes generated by CRM, InstantMesh, TripoSR,
and Wonder3D compared to Dehallu3D, we focus on com-
paring the differences between SF3D, Unique3D, and De-
hallu3D to further highlight the effectiveness of Dehallu3D.

In the first row, it is evident that Unique3D exhibits two
outliers, whereas Dehallu3D successfully eliminates these
outliers. The quality of mesh generated by SF3D is obvi-
ously inferior to that of Dehallu3D and Unique3D. In the
second row, the mesh generated by Unique3D also contains
two outliers, the texture of the mesh generated by SF3D re-
mains relatively blurry, and Dehallu3D generates a better
mesh. In the third row, the mesh generated by Unique3D
has one prominent outlier, the texture of the mesh gener-
ated by SF3D is also relatively blurry, while the mesh gen-
erated by Dehallu3D not only has better geometry but also
exhibits clearer and more visible textures. In the fourth row,
the mesh generated by Unique3D still contains outliers, and
the mesh generated by SF3D shows a significant issue—in
fact, SF3D fails to effectively generate a mesh correspond-
ing to the input image. In contrast, Dehallu3D generates
a relatively better mesh. In the fifth row, the mesh gener-
ated by Unique3D exhibits noticeable outliers, the texture
of the mesh generated by SF3D is relatively blurry, and De-
hallu3D generates a relatively better mesh. In the final row,
the mesh generated by Unique3D has one prominent out-
lier, the texture of the mesh generated by SF3D is relatively
blurry, while Dehallu3D effectively generates a better mesh.

Overall, although the textures of the meshes generated
by Unique3D are relatively clear, they are prone to mesh
outliers. The meshes generated by SF3D generally have
blurry textures and may even fail to reconstruct effectively
in some cases (e.g., in the fourth row). In contrast, De-
hallu3D not only ensures clear textures and accurate geom-
etry in the meshes but also effectively avoids potential mesh
outliers during reconstruction, enabling the generation of
high-fidelity and high-quality meshes.

2.2. More generated meshes

We show additional meshes generated by Dehallu3D in Fig-
ure 2. As demonstrated in the figure, our method consis-
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Figure 1. More qualitative comparison results.

Methods View Alignment? | Geometric Fidelity | Absence of HallucinationsT | ORM,
Wonder3D [4] 6.1 5.8 6.9 0.5452
TripoSR [6] 6.3 6.1 6.8 0.5519
InstantMesh [9] 6.9 6.6 7.0 0.5449
CRM [7] 7.1 6.5 6.8 0.5541
Unique3D [8] 7.3 7.0 5.6 0.7225
SF3D [1] 7.0 6.2 7.1 0.5410
Dehallu3D (Ours) 84 8.0 7.2 0.5387

Table 1. User study results compared with our proposed ORM metric. Human perceptual scores (scale: 1-10) are averaged from 30

participants on 10 representative samples.

tently ensures high-quality mesh generation and robustly
avoids the introduction of geometric outliers or structural
artifacts.

2.3. User study
2.3.1. Settings

To conduct user studies, we rendered 360-degree videos of
3D meshes generated from various popular single-view im-

ages across different methods. Ten representative samples
were randomly selected and shown to each participant in
the form of rotating turntable animations, allowing them to
observe the reconstructed geometry and visual consistency
comprehensively. A total of 30 volunteers participated in
the study.
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Figure 2. More meshes generated by Dehallu3D.

2.3.2. Perceptual metrics

For each sample, they were asked to rate the generated
meshes from all methods under three perceptual dimensions
on a 1-10 scale (higher is better):

* View Alignment: Measures cross-view structural consis-
tency, indicating whether different views of the same ob-
ject align properly without distortions or mismatches.

* Geometric Fidelity: Evaluates the accuracy and com-
pleteness of the 3D shape, especially for preserving fine
details and clean surfaces.

* Absence of Hallucinations: Assesses the structural in-
tegrity of the mesh, specifically focusing on the lack of
geometric outliers, artifacts, or structural flaws (e.g., odd
holes, unnatural protrusions) that deviate from a plausible
object shape.

2.3.3. Results

The evaluation results are summarized in Table 1. Our
method achieves the highest ratings across all four criteria,
showing significant improvements in both geometric and

perceptual quality over compared methods. Notably, partic-
ipants consistently favored our results for their cross-view
smoothness, sharper geometry, and better semantic align-
ment.

Furthermore, we compare these subjective scores to the
objective ORM metric (lower is better), presented in the fi-
nal column. Our method achieves the lowest (best) ORM
value. This objective ranking shows a strong correlation
with the human perceptual scores, particularly with our top
rank in the Absence of Hallucinations metric. This consis-
tency robustly validates that our proposed ORM metric ef-
fectively captures human perception of geometric outliers.

2.4. Ethical Considerations and Broader Impact

The advancement of high-fidelity 3D generation, as demon-
strated by Dehallu3D, provides significant value for digital
content creation. However, it also necessitates a critical re-
flection on data privacy and security. Since our method re-
lies on single-view images as input, the protection of source
image integrity becomes vital to prevent potential misuse.
Future research could explore image privacy protection [3]



to strike a balance between high-quality 3D generation and
robust privacy preservation. By addressing these security
challenges, we aim to ensure that 3D generation technolo-
gies are developed and deployed in a responsible and secure
manner.
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