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Abstract

While recent works have achieved great success on image-
to-3D object generation, high quality and fidelity 3D head
generation from a single image remains a great challenge.
Previous text-based methods for generating 3D heads were
limited by text descriptions and image-based methods strug-
gled to produce high-quality head geometry. To handle this
problem, we propose a novel framework, ID-Sculpt, to gen-
erate high-quality 3D heads while preserving their identities.
Our work incorporates the identity information of the por-
trait image into three parts: 1) geometry initialization, 2) ge-
ometry sculpting, and 3) texture generation stages. Given a
reference portrait image, we first align the identity features
with text features to realize ID-aware guidance enhancement,
which contains the control signals representing the face infor-
mation. We then use the canny map, ID features of the por-
trait image, and a pre-trained text-to-normal/depth diffusion
model to generate ID-aware geometry supervision, and 3D-
GAN inversion is employed to generate ID-aware geometry
initialization. Furthermore, we use ID-aware guidance to cal-
culate ID-aware Score Distillation (ISD) for geometry sculpt-
ing. For texture generation, we adopt the ID Consistent Tex-
ture Inpainting and Refinement which progressively expands
the view for texture inpainting to obtain an initialization UV
texture map. We then use the ID-aware guidance to provide
image-level supervision for noisy multi-view images to ob-
tain refined texture maps. Extensive experiments demonstrate
that we can generate high-quality 3D heads with accurate ge-
ometry and texture from a single in-the-wild portrait image.

Project page — https://jinkun-hao.github.io/IDSculpt/

1 Introduction

3D head generation aims to create high-quality 3D digital
assets of human heads that align with user preferences, uti-
lizing various input data, which has significant applications
in film character creation, gaming, online meetings, edu-
cation, etc. Conventional methods rely on multi-view ge-
ometric consistency (Kirschstein et al. 2023; Zheng et al.
2023a; Munkberg et al. 2022; Yariv et al. 2021) or statistical
3D face prior model (Bai et al. 2023; Zheng et al. 2023b;
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Figure 1: ID-Sculpt can generate a high-quality 3D head
with detailed face geometry and photo-realistic texture given
an in-the-wild portrait image.

Grassal et al. 2022) to achieve high-quality 3D head gen-
eration. The former necessitates multi-view images or sev-
eral minutes of monocular video, which are not applicable
to a single in-the-wild portrait image. Moreover, 3D face
shape prior models typically focus on the face region, fail-
ing to accurately reconstruct the entire head shape and being
unable to handle elements such as long hair and clothing.
An alternative approach involves employing Generative Ad-
versarial Networks (GANSs) to accomplish 3D head genera-
tion, which is constrained by limited training data and typi-
cally produces frontal-facing faces. Moreover, they struggle
to preserve identity consistency when presented with im-
ages of large head poses. Recently, text-to-image (Ramesh
et al. 2021, 2022; Rombach et al. 2022; Saharia et al. 2022;
Han et al. 2023; Pei et al. 2024) generation models trained
on large-scale image datasets have achieved significant suc-
cess. Some approaches employ SDS loss (Poole et al. 2022)
to ensure similarity between the generated 3D model and
images, facilitating image-to-3D (Melas-Kyriazi et al. 2023;
Tang et al. 2023; Liu et al. 2023c¢,b; Long et al. 2023) or text-
to-3D (Poole et al. 2022; Lin et al. 2023; Sanghi et al. 2022;
Wang et al. 2022, 2024). However, when employing these
methods for customized 3D head generation, the absence of
identity information makes it difficult to reproduce the geo-
metric details and texture realism in the portrait image.
Through analyzing previous methods, we summarize the
key challenges from the three stages in the optimization-
based 3D head generation approach: 1) Geometry Initializa-
tion: Previous image-to-3D methods used an ellipsoid as the
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Figure 2: Comparison of previous optimization methods
(Right) with our method (Left). Our method leverages the
portrait image to get a better initial mesh and utilizes ex-
tracted identity information to enhance geometric and tex-
ture optimization.

initial geometry (Chen et al. 2023) and could not accurately
reconstruct the geometry of the head. On the other hand,
text-to-head methods used a unified FLAME head (Han
et al. 2024; Liu et al. 2023a) as the geometric prior, which
lacks personalized information and cannot generate individ-
ualized features that deviate from the FLAME head, such
as long hair. 2) Geometry Sculpting: Although image-to-3D
methods attempted to use view-dependent diffusion (Liu
et al. 2023b)to guide geometry generation, the resulting ge-
ometry lacked the generalization ability to the reasonable
head geometry. Besides, text-to-3D methods use facial im-
age description text to generate geometry, which can re-
sult in a deviation from the identity of the reference image.
3) Texture Generation: Previous methods used VSD (Wang
et al. 2024) to mitigate color over-saturation issues based on
SDS. However, the generated textures still tend to have ex-
cessive shading and unrealistic texture (Huang et al. 2023).
To address the challenges mentioned above, we incorpo-
rate identity information into the three stages of 3D head
generation compared with previous methods in Figure 2.
Firstly, we extract Identity embedding using an ID fea-
ture extractor and align them with text embedding using a
pre-trained ID adapter with decoupled cross-attention. This,
along with landmark-guided ControlNet, enables ID diffu-
sion and provides ID-aware guidance, allowing us to in-
corporate the identity and facial layout information from the
reference image into the geometry and texture generation
stages. Secondly, we propose ID-aware geometry super-
vision. By extracting canny maps containing detailed infor-
mation from the portrait image, we combine canny-guided
ControlNet and ID features with off-the-shelf text-to-normal
and text-to-depth methods (Huang et al. 2023) to generate
high-quality geometric constraint for the geometry genera-
tion stage. Additionally, we obtain ID-aware initialization
using 3D GAN inversion. In the geometry sculpting stage,
we optimize the 3D head using ID-aware guidance with ID-
aware Score Distillation (ISD) loss. In the texture generation
stage, we first use Progressive Texture Inpainting to generate
a UV-textured map for the uncolored 3D head mesh. Then
we leverage ID diffusion to denoise the rendered image from
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random viewpoints and further refine the texture by calculat-
ing the loss between the rendered and denoised images.

In this paper, we propose a new method for generating
high-quality 3D heads from single in-the-wild portrait im-
ages. The main contributions of this paper are as follows:

* A novel pipeline for generating high-quality 3D head
models from a single in-the-wild face image.

* A method that incorporates identity information into the
geometry initialization, geometry generation, and texture
generation stages, significantly improving the identity
details of the generated 3D heads.

* An ID Consistent Texture Inpainting and Refinement
method, which uses Progressive Texture Inpainting and
refinement method to achieve realistic texture generation.

2 Related Works
2.1 Text to 3D Generation

Recent advances in image generative models make it possi-
ble to synthesize diverse high-fidelity 3D objects from text
prompts. Efforts such as DreamFusion (Poole et al. 2022)
explore text-to-3D generation by leveraging a Score Distil-
lation Sampling (SDS) loss shows impressive results. Sub-
sequently, Magic3D (Lin et al. 2023) increases the rendering
resolution of generated 3D objects. Fantasia3D (Chen et al.
2023) models the appearance via the BRDF modeling. Pro-
lificDreamer (Wang et al. 2024) proposes Variational Score
Distillation (VSD) to mitigate oversaturation problems. Al-
though many works have solved the problem of texture over-
saturation to some extent, it is still difficult to generate real-
istic geometry and texture.

2.2 Image to 3D Generation

Image to 3D generation has also developed rapidly. Zero-1-
to-3 (Liu et al. 2023b) first proposes view-dependent diffu-
sion, which focuses on learning camera viewpoints within
]diffusion models, enabling zero-shot novel view synthesis.
GeNVS (Chan et al. 2023) leverages pixel-aligned features
from input views to add 3D awareness to 2D diffusion mod-
els. On the other hand, some optimize-based image-to-3D
methods, such as Magic123 (Qian et al. 2023) and Make-it-
3D (Tang et al. 2023), incorporate 3D priors from Zero-1-
to-3 and employ coarse-to-fine two-stage optimization. Sub-
sequent works (Sun et al. 2023; Yu et al. 2023) further re-
fining and enhancing the quality of generated 3D models.
However, these methods are limited by the ability of view-
dependent diffusion, which cannot accurately generate the
geometry from the image.

2.3 3D Head Generation

Recently, various approaches (Grassal et al. 2022; Gafni
etal. 2021; Zheng et al. 2023b; Xu et al. 2023) have explored
reconstructing 3D head avatars from monocular face videos
using different 3D representations. However, these methods
necessitate several minutes of video input and struggle to re-
construct less prominent parts in videos. In addition, meth-
ods generating heads from 3D GANs like EG3D (Chan et al.
2022) proposes a tri-plane representation that can efficiently



render high-quality facial images. Panohead (An et al. 2023)
advances EG3D by enabling full-head 3D face generation.
Rodin (Wang et al. 2023) uses diffusion models to generate
3D heads. Nonetheless, they are constrained by the inherent
limitations of implicit representations and cannot produce
high-quality surface geometry.

Text-based human head generation methods like Head-
sculpt (Han et al. 2024) and HeadArtist (Liu et al. 2023a) in-
tegrate facial landmarks to solve layout issues like the Janus
face problem. Humannorm (Huang et al. 2023) refines dif-
fusion models using 3D human body data for better nor-
mal and depth guidance. Despite these, texture saturation in
these methods can impede the attainment of photo-realistic
results. In contrast, our method incorporates identity infor-
mation in all generation stages, which can generate 3D head
with great texture realism and identity consistency.

3 Method

In this paper, we propose ID-Sculpt, a novel optimization-
based method for high-fidelity 3D head generation from a
single portrait image. The overall pipeline of ID-Sculpt is
shown in Figure 3. We fully leverage identity-aware priors
to our generation process through ID-aware Initialization
and Guidance (§3.1). The generation process consists of
two stages: Geometry Sculpting (§3.2) and ID-Consistent
Texture Inpainting and Refinement (§3.3).

3.1 ID-aware Initialization and Guidance

Given a facial image x..¢ as input, our goal is to generate a
high-fidelity 3D head model parameterized with 6, that pre-
serves the identity and appearance of the portrait image. We
adopt an optimization-based pipeline based on the pretrained
text-to-image diffusion model p;(x;|y), and formulate the
optimization process for generating a 3D head as follows:

: {Et,c[DKL(qf ($t|C) Hpt (-’Bt‘y))], C = Crand
mi
D(wrCfv 9(0, C)), C = Cref
s.t. 0 = {0|xret, 0o},

()
0y = Initial Mesh,

where pt(:z;tgy) is the pretrained text-to-image diffusion
model and ¢ (x;|c) is the distribution at time ¢ of the for-
ward diffusion process starting from the rendered image
g(0, ¢) with the camera c. c is the reference camera pose.
D(-) denotes the distance function, and 6y is the initial 3D
mesh provided by users.

For 3D full head generation task, the direct description of
the input facial image, often cannot fully capture the vari-
ations of different facial features. Besides, pretrained 2D
view-dependent diffusion models (e.g., Zero-123 (Liu et al.
2023b)) are trained on general objects, which cannot gener-
alize to human heads. Therefore, our key insight is to lever-
age identity knowledge and inject state-of-the-art identity
priors into the mesh initialization and diffusion guidance.
ID-aware Initialization. The initialization is crucial for 3D
generation. According to the optimization goal in Eq.(1), a
good initial 3D mesh 0 should possess the approximate ge-
ometric shape of the face in the given image @ ,.t. Some ap-
proach uses FLAME (Feng et al. 2021) to obtain the initial
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3D head shape. However, this approach cannot generate per-
sonalized facial features and does not describe the geometric
shape of hair. To address this issue, we employ a 3D-aware
GAN model (An et al. 2023) trained on a comprehensive
360° head dataset to obtain the initial 3D head mesh 6.
Specifically, given the input facial image @, we first per-
form inversion to find latent code z and then perform Pivotal
Tuning Inversion (PTI) (Roich et al. 2022) to obtain a 3D
representation that better matches the input image. Through
3D GAN inversion, we can obtain an initial 3D head mesh
that corresponds to the input facial image, denoted as:

90 = 3D-GAN(20‘£Cref). (2)

ID-aware Guidance. In order to obtain finer information
about the facial image, we extract high-dimensional identity
features I, from the reference image as additional condi-
tions beyond text prompt, to guide the denoising process of
diffusion models. We use a facial recognition model (Deng
et al. 2019) trained on large-scale facial datasets as the iden-
tity encoder to extract robust identity features. Additionally,
we utilize a light projection network to map the extracted
ID feature to an enhanced ID feature f;p aligned with text
embedding, and insert the ID feature into diffusion with de-
coupled cross-attention (Ye et al. 2023). In this way, we con-
struct an ID-guided diffusion model p'¢, which will be uti-
lized in our ID-aware Score Distillation loss to provide iden-
tity guidance for a specific person.

Identity-enhanced prompt only extracts general identity
information, but cannot provide the information of 3D facial
layout. For example, a person has different mouth shapes
when laughing and crying, but the identity features are the
same. To address this issue, we utilize a pretrained facial
shape predictor (Guo et al. 2020) to obtain 3D facial land-
marks of the reference image x,.¢, and align the 3D facial
landmarks to the initial 3D head mesh.

Given a camera pose ¢, we project the extracted 3D facial
landmarks onto the 2D plane, and obtain a facial landmark
image L(c), which provides the facial component layout in-
formation from that viewpoint. We then apply a landmark-
guided ControlNet (Zhang, Rao, and Agrawala 2023) to in-
troduce the facial layout information into diffusion guid-
ance.

By incorporating three types of information, i.e., text
prompt y (obtained from @, by BLIP-2 (Li et al. 2023)),
identity feature f;p, and the projected facial landmark im-
age L(c), we propose ID-aware Score Distillation (ISD)
loss, which can be formulated as:

Lisp = By e[Dxr(qf (o) i (z:ly. f1p. L(c), )] (3)

Compared to SDS, ISD introduces more ID-preserved su-
pervision that is aligned with the reference portrait image.
ID-aware Geometry Supervision. In the geometry sculpt-
ing stage, the reference image x,.s in RGB space cannot
be directly used as the supervision for geometry. A com-
mon method is to use normal maps and depth maps that
contain geometric information for supervision, which can
be predicted based on the reference image in RGB space.
Therefore, it is crucial to obtain high-quality geometric rep-

resentations X 57 from the reference image in RGB space.
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Figure 3: Overview of our proposed ID-Sculpt framework. Given a reference image, ID-Sculpt leverages 3D GAN inversion for
improved identity-related geometry initialization in stage 1. In stage 2, ID-aware guidance and ID-aware geometry supervision
are used to intergrate identity information into the geometry sculpting process. In stage 3, ID Consistent Texture Inpainting
and Refinement is applied to generate a high-quality head texture, where we first use the inpainting method to generate a rough
texture and then use image-level ID-aware supervision for texture refinement. With these methods, we can generate high-quality
3D head models with consistent identities from a single in-the-wild face image.
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Figure 4: Comparison between our normal map and depth
map and those generated by DPT(Ranftl, Bochkovskiy, and
Koltun 2021; Ranftl et al. 2020).

Previous methods (Eftekhar et al. 2021) directly predicted
depth maps and normal maps from images but failed to cap-
ture some geometric details in the reference images, which
could result in flat geometries, as shown in Fig 4. Differ-
ent from previous methods, we first use an edge extractor to
extract high-frequency facial geometric details and obtain a
Canny image as the condition. Then we utilize pre-trained
Text-to-Normal and Text-to-Depth diffusion models (Huang
et al. 2023) with ControlNet to generate normal maps and
depth maps. Additionally, to better preserve identity infor-
mation, we also add ID features into the diffusion process.
Through these approaches, high-quality geometric supervi-
sion in the reference view can be formulated as:

Xgeo

ref pigdeo(mt |y7 fIDa Cann}I(mref))7 )

geo al depth id
Where Xref {‘X-?eofrm‘i 7Xref } and plgeo
{p9 s piideplh}' In this way, the 3D head model can
obtain geometric details that are as rich as the information

in the RGB image of the reference view.

3.2 Geometry Sculpting

During the geometry sculpting stage, we aim to obtain a
fine-grained 3D geometry, that is consistent with the input
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image under the reference view, and consistent across differ-
ent viewpoints. We first convert the initial 3D mesh obtained
from ID-aware initialization into DMTet (Shen et al. 2021)
representation to facilitate high-resolution details and high-
quality surface. Specifically, we use the normals rendered
from 3D-GAN as the pseudo ground truth normals A. For
the DMTet object to be optimized, we use Marching Tetra-

hedra to generate the normal map Ne. To polish the over-
all surface from multiple viewpoints, we uniformly sample
camera poses c distributed in the 3D-GAN space, and use Lo
distance between normal maps as the loss function, defined

as Loom = ||Ne — Nela-

Geometry Refinement. During the geometry refinement
stage, we use ID-aware Geometry Supervision to ensure
the generation of fine geometry under the reference view,
while supplementing the information with the prior of the
diffusion model under other views, as shown in Eq.(1). Un-
der the reference view, we calculate the reference loss from
the head foreground mask, normal map, and depth map of
the reference image, which is defined as:

Liet = Linask + Enormal + ‘Cdepthy &)
where the foreground mask M is obtained through face pars-
ing, and both the mask loss L,s and normal 108S Lyorma are
defined as the £ distance between the rendered mask and
normal map, and the reference mask and normal map. For
the depth 10ss Lgepn, We use the negative Pearson correla-
tion to alleviate the problem of depth scale mismatch.

For other views that are randomly sampled around the 3D
head, we use the ISD loss Lisp in Eq.(3) to guide the op-
timization of the geometry, based on the ID-enhanced dif-
fusion prior. Finally, the Marching Tetrahedra algorithm is
applied to extract the mesh.



3.3 ID-Consistent Texture Inpainting and
Refinement

During the texture generation stage, our goal is to rapidly
generate realistic textures for the 3D head mesh. Previous
textures generated from SDS/VSD loss (Chen et al. 2023;
Wang et al. 2024) may become over-saturated and inconsis-
tent with the color tone of the reference image. Therefore,
we design an inpainting and refinement process to quickly
produce high-quality UV texture maps.

Progressive Texture Inpainting. With an uncolored 3D
head surface mesh M with vertices V' and triangular faces
F' generated in the geometry generation stage, denoted as
M = (V, F), we initialize a UV texture map T, correspond-
ing to the mesh coordinates. Starting from the reference view
co, we first back-project the reference portrait image onto
the 3D mesh. To maintain consistency with the reference im-
age texture, we sample a camera trajectory {cy, Ca, - ,Cp}
(where c; is the i-th viewpoint, and n is the number of
sampled viewpoints) to progressively generate texture. The
camera trajectory starts from the reference image viewpoint,
gradually moves the camera pose to the back view of the
head, and finally generates the texture for the top of the head
that has not been generated yet.

During the inpainting process, at a specific viewpoint cy,
given the texture map T _; that has been textured in & — 1
previous viewpoints, we can render an RGB image [, with
partially colored regions, as well as a mask mj,_; indicating
the colored (visible) regions. To better inpaint the uncolored
areas, we render the normal map w}gorm“l from the 3D mesh
as the geometric condition at the c; viewpoint, and then use
the normal-conditioned diffusion model to generate the tex-
ture for the uncolored areas, which is formulated as:

jk = pbd(wo\y, fip, wzormal)~

(6)

The generated image I, at the viewpoint c; will be pro-
jected back onto the 3D mesh, resulting in the inpainted tex-
ture map T'j. And the uncolored region (1 — my_1) in UV
texture T, is updated as follows:

Tp=m; 1 O©Tp 1+ (1-my_;)O Ty, @)

where T, is the updated UV texture map after k step in-
painting. With this progressive inpainting method, we can
gradually inpaint the textures from other viewpoints starting
from the reference portrait image.

Texture Refinement. In the texture refinement stage, we
aim to solve the texture inconsistency problem that appears
in texture inpainting and further enhance the detail and real-
ism of the generated texture.

We optimize the UV texture map by utilizing the ID-
guided diffusion model and minimizing the distance be-
tween the rendered images and the refined images.

Specifically, for a rendered image o from a sampled
viewpoint, we add Gaussian noise with ¢ diffusion steps
and use the ID-guided diffusion model p'? to restore it.
Moreover, we add rendered normals x™°"™ from the
corresponding viewpoint as additional geometric informa-
tion conditions during the diffusion denoising process. This
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yields a refined image & in the respective viewpoint which
we will use as supervision to optimize the texture map:

&0 = pp (wole, y, frp, "), (®)

After obtaining the refined image &y, we calculate the
pixel-level MSE loss Lysg between xg and &g to further
refine the texture map. Besides, we add a perceptual loss
Lopereep to enhance the texture detail information and main-
tain style similarity. We also calculate the MSE loss £

and perceptual loss qfeﬂcep between o from the reference
view and the reference image &,.t. By combining these su-
pervisions, we obtain the final 1oss Lyqye for the texture re-

finement stage:

‘creﬁne = EMSE + £percep + ﬁﬁtSE + ﬁref

percep”

©))

4 Experiments

In the experimental section, we start with the implementa-
tion details, followed by quantitative and qualitative com-
parisons between our method and others. Finally, we analyze
the role of each module in our method.

4.1 Implementation Details

Our ID-Sculpt is built upon the open-source project Three-
Studio (Guo et al. 2023). In the geometry stage, we use
SD1.5 (Rombach et al. 2022) as the base diffusion model.
During the texture generation stage, we employ Realistic Vi-
sion 4.0 as the base diffusion model. In the geometry genera-
tion stage, we perform 5,000 optimization iterations. During
the texture generation stage, we first perform texture inpaint-
ing from 15 ordered viewpoints, followed by 400 steps of
texture refinement. Our experiments are conducted on a sin-
gle V100 GPU, with a batch size set to 1. For each 3D head,
the total optimization time is approximately 40 minutes.
Baselines. We conducted extensive comparisons with four
other single-view 3D generation methods (Magic123 (Qian
et al. 2023), DreamCraft3D(Sun et al. 2023), Won-
der3D (Long et al. 2023)) and a single-view human
head generation method (Panohead (An et al. 2023)). For
Magic123, DreamCraft3D, and Wonder3D, we generated
the 3D models strictly following the official open-source
code and parameters. For Panohead, we followed the of-
ficial guidance and obtained results using the GAN inver-
sion method. In addition, we compared our method with the
state-of-the-art text-to-3D human head generation methods
HumanNorm (Huang et al. 2023), for it has excellent gener-
ation results and good reproducibility.

Datasets. We conducted experiments on a subset of fa-
cial images from the FFHQ (Karras, Laine, and Aila 2019)
dataset, a high-quality in-the-wild facial dataset known for
its rich diversity in age, ethnicity, and image backgrounds, as
well as significant variations in facial attributes. This dataset
presents a challenging task due to its unconstrained envi-
ronment. From this dataset, We selected 106 portrait images
with unoccluded faces to evaluate our model and baselines.
Evaluation metrics. We employ LPIPS (Zhang et al. 2018)
for fidelity measurement, CLIP-I (Ye et al. 2023) score and
ID (An et al. 2023) score to measure the multi-view consis-
tency and identity preservation.
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Figure 6: Qualitative evaluation with text-to-head method.
Our method has a clear advantage in the realism.

4.2 Qualitative Evaluation

Qualitative evaluation with image-to-3D methods. In
Fig. 5 we show the comparisons between our method and
four other image-to-3D methods. These four images are
selected from the in-the-wild face image dataset FFHQ
and include faces of different ages and genders. For the
geometry, the 3D generation methods based on optimiza-
tion (Magic123 and Dreamcraft3D) can’t restore the stereo-
scopic shape of the human head. Wonder3D can generate
basic human head shapes but generally suffers from overly
flat facial features in side views, and the facial surface lacks
geometry detail. Besides, Panohead produces strange pro-
trusions in the eye area. In contrast, our method, after in-
troducing the identity information to the geometry sculpting
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stage, can restore fine geometry on the face while ensuring a
high-quality overall head shape. For texture results, Dream-
craft3D and Wonder3D cannot generate images of the head
from other angles. Wonder3D’s texture quality drops signif-
icantly on the side (i.e., the side rear view of the head in the
first row of Wonder3D) and cannot produce high-resolution
textures. Panohead struggles to generate high-fidelity struc-
tural details in areas like the eye and mouth region. After
using ID-enhanced inpainting and refinement processes, our
method can generate more photorealistic textures. In sum-
mary, our method can produce high-quality head geometry
and realistic textures while fully restoring the facial infor-
mation from the reference images.

Qualitative evaluation with text-to-head method. In
Fig. 6, we show a comparison of our method with the cur-
rent SOTA text-to-head method HumanNorm. Since text de-
scription cannot fully describe in-the-wild face information,
we choose examples of celebrities so that the text-to-head
method can accurately generate heads based on the celebrity
names. For generated geometry, HumanNorm tends to gen-
erate heads with exaggerated structures, whereas our method
generates far more realistic geometries. In terms of texture,
the heads generated by HumanNorm have over-saturated
colors. In contrast, our method fully utilizes both the refer-
ence image information and the identity information of the
person depicted to generate more realistic faces.

4.3 Quantitative Evaluation

For each generated head model, we render images from
four consistent viewpoints: left-frontal, left, right-frontal,
and right. In Tab. 1, we present the quantitative comparisons



Methods LPIPS | CLIP-I1T ID1 User Study T
Magic123 0.367 0.4447  0.0245 1.11
PanoHead 0.045 0.6600 0.2737 4.09
Wonder3D 0.135 0.6860 0.2729 3.13
DreamCraft3D 0.068 0.6074  0.2526 1.95
ID-Sculpt (Ours)  0.039 0.6605  0.4451 4.72

Table 1: Quantitative comparisons on head generation task.
We compute LPIPS under the reference view, CIIP-I and ID
score under novel views.

(a) ID-aware Geometry Supervision

(b) ID-aware Guidance Enhancement

Figure 7: Visual ablation results of our ID-aware Initializa-
tion and Guidance.

with the previous SOTA methods. Our method outperforms
previous approaches in terms of the ID metric and LPIPS
score, indicating its effectiveness in capturing facial features
and demonstrating high identity consistency across various
perspectives in the analysis of novel viewpoints.

User Study. To validate our model’s robustness and qual-
ity, we conducted a user study with 15 random examples.
Participants ranked five methods’ outputs based on quality
from two random viewpoints. Our model ranked highest on
average across 480 responses from 32 participants.

4.4 Ablation Study

Effectiveness of ID-aware Initialization and Guidance.
We present the visual result in Fig.7 result to show the
effectiveness of our ID-aware Initialization and Guidance
method. (a) By replacing the normal map obtained through
ID-aware Geometry Supervision with the normal map ex-
tracted from DPT(Ranftl, Bochkovskiy, and Koltun 2021;
Ranftl et al. 2020), we can observe that without ID-aware
Geometry Supervision, the generated geometry loses many
facial details. (b) When removing the ID-aware Guidance
Enhancement in the texture generation stage, we can see
that the faces lose the constraints imposed by identity in-
formation and easily produce artifacts for large angles (e.g.,
side faces) without sufficient reference image information.
(c) We compare our ID-aware Initialization results by using
Flame as the initialization geometry. As Flame aligns only
with the facial landmarks, the head portions other than the
face in the images are difficult to align with the initialization
geometry, leading to difficulty in geometry optimization.

Effectiveness of ID-Consistent Texture Inpainting and
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(a)Texture Refinement (b)Progressive Inpainting

g ﬁ
w/o w/.

Figure 8: Visual ablation results of our ID-Consistent Tex-
ture Inpainting and Refinement. Our method effectively re-
duces the artifacts in texture generation.

w/o w/.

Reference “Pixar” “Cartoon” “Qil Painting” “Comic”

Figure 9: 3D head with different styles. With the stylized
diffusion model, we can achieve diversified stylized 3D head
generation while maintaining identity.

Refinement. As shown in Fig.8, without (a) Texture refine-
ment=, relying solely on inpainting can lead to discontinu-
ous boundaries between each inpainting step, which is par-
ticularly noticeable at the intersection of the ears and hair.
Without (b) Progressive Inpainting to complete the texture
and instead use a view-surrounding approach, incoherent
texture colors will be generated (e.g. yellow part at the neck).

4.5 Application

ID-consistant Texture Stylization. With the capability of
stylized text-to-image diffusion models, we achieve stylized
3D head generation. Due to the use of ID-aware guidance
in the texture generation stage, the generated stylized heads
can maintain the identity information of the character in the
portrait image, as shown in Fig 9.

5 Conclusion

We propose ID-Sculpt, a novel method to generate a 3D
head from a single in-the-wild portrait image. Our method
significantly improves ID consistency and geometric details
by adding identity knowledge to the initialization, guidance,
and geometry supervision part of the optimization process.
Moreover, we design a two-stage ID-consistent texture in-
painting and refinement method, which leads to coherent and
photo-realistic head texture. ID-Sculpt outperforms previous
methods in both geometry and texture quality, demonstrat-
ing the ability to generate high-fidelity 3D heads. These ad-
vantages combined with stylized 3D head generation bring
great help for personalized 3D head asset generation.
Limitations and future work. Although we can gen-
erate high-quality 3D heads from a portrait image, the
optimization-based approach takes the whole generation a
long time (40 minutes). In the future, we will work on accel-
erating the speed of 3D head generation.
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