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Abstract

Achieving realistic hair strand synthesis is essential for creating lifelike digital hu-
mans, but producing high-fidelity hair strand geometry remains a significant challenge.
Existing methods require a complex setup for data acquisition, involving multi-view im-
ages captured in constrained studio environments. Additionally, these methods have
longer hair volume estimation and strand synthesis times, which hinder efficiency. We in-
troduce PanoHair, a model that estimates head geometry as signed distance fields using
knowledge distillation from a pre-trained generative teacher model for head synthesis.
Our approach enables the prediction of semantic segmentation masks and 3D orienta-
tions specifically for the hair region of the estimated geometry. Our method is generative
and can generate diverse hairstyles with latent space manipulations. For real images,
our approach involves an inversion process to infer latent codes and produces visually
appealing hair strands, offering a streamlined alternative to complex multi-view data ac-
quisition setups. Given the latent code, PanoHair generates a clean manifold mesh for
the hair region in under 5 seconds, along with semantic and orientation maps, marking a
significant improvement over existing methods, as demonstrated in our experiments.

1 Introduction
High-fidelity 3D hair modeling is essential for creating realistic digital humans. A hairstyle
often comprises tens of thousands of individual strands, which adds significant complexity
to the process. Despite advancements in high-end capture systems, obtaining high-quality
3D hair models remains challenging, as accurately reconstructing the intricate geometry of
hair is still difficult.

The hairstyle generation has traditionally depended on the intricate manual modeling
process by expert 3D artists, with strand-based hair geometry being the most commonly
adopted approach. Earlier methods [3, 4] involved manipulating hairstyles based on im-
ages and strokes as input cues, facilitating faster modeling. Building on recent progress
in learning-based shape reconstruction, neural networks are now capable of generating 3D
strand models using explicit point sequences [46], volumetric orientation fields [31, 44, 45],
and implicit orientation fields [33, 39]. Recent approaches [33, 39, 40] first estimate the
volume enclosed by the hair region and 3D orientations in the initial stage, followed by
a hair-growing procedure in the second stage to generate the final strand-based hairstyle.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

Citation
Citation
{Chai, Wang, Weng, Yu, Guo, and Zhou} 2012

Citation
Citation
{Chai, Wang, Weng, Jin, and Zhou} 2013

Citation
Citation
{Zhou, Hu, Xing, Chen, Kung, Tong, and Li} 2018

Citation
Citation
{Saito, Hu, Ma, Ibayashi, Luo, and Li} 2018

Citation
Citation
{Zhang and Zheng} 2019

Citation
Citation
{Zheng, Jin, Li, Huang, Ma, Cui, and Han} 2023

Citation
Citation
{Sklyarova, Chelishev, Dogaru, Medvedev, Lempitsky, and Zakharov} 2023

Citation
Citation
{Wu, Ye, Yang, Fu, Zhou, and Zheng} 2022

Citation
Citation
{Sklyarova, Chelishev, Dogaru, Medvedev, Lempitsky, and Zakharov} 2023

Citation
Citation
{Wu, Ye, Yang, Fu, Zhou, and Zheng} 2022

Citation
Citation
{Wu, Yang, Kuang, Feng, Han, Shen, Fu, Zhou, and Zheng} 2024



2 VERMA ET. AL. : PANOHAIR

These methods often rely on complex data-processing pipelines that use multi-view images
to reconstruct sparse point clouds, estimate camera positions, and perform bust fitting, which
provides a shape before learning the fine geometry of the hair region.

Recent 3D-aware generative models [5, 7, 35] have demonstrated impressive results in
generating highly realistic novel views. These models also offer straightforward inference
by manipulating latent codes, eliminating the need for complex data acquisition and pre-
processing pipelines. This latent space manipulation also enables indefinite data generation
with novel views. Nevertheless, to fully harness the potential of these generative models for
strand-based hair geometry, it is essential to precisely segment the hair region from the full-
head geometry and estimate 3D surface orientations that guide strand growth for realistic
hairstyle generation.

In this work, we introduce PanoHair, which leverages knowledge distillation from the
pre-trained model, PanoHead [1], to generate the geometry of the complete human head.
PanoHead serves as the teacher model, guiding PanoHair, the student model, to reconstruct
a complete head model. Through knowledge distillation, PanoHair efficiently learns to gen-
erate high-quality signed distance fields (SDF) for the full-head geometry. Additionally, for
each point on the iso-surface in volume, our approach predicts binary semantic information
to classify whether it belongs to the hair region, along with a 3D orientation vector. However,
this representation captures only the “outer shell" and does not fully account for the enclosed
hair volume. To address this limitation, we propose a simple yet effective method that accu-
rately closes the outer shell to represent the full hair volume. This straightforward approach
ensures a fast estimation of the fully enclosed hair volume, an essential requirement for the
hair-growing stage and realistic strand synthesis. Compared to NeuralHaircut [33], which
requires approximately one day for hair geometry estimation, our method performs pivotal
inversion given a real image to obtain the latent code, after which the geometry estimation
takes just five seconds. The substantial reduction in processing time and the generation of
high-quality hairstyles make PanoHair a significant advancement in 3D hair modeling.
Contributions. In summary, our contributions are as follows: 1. We introduce PanoHair,
a generative framework that distills knowledge from PanoHead to model human heads as
SDFs while predicting semantic labels and 3D orientations. 2. We propose a multi-view
orientation projection loss to ensure view-consistent 3D orientation learning and mitigate
ambiguities from single-view 2D projections. 3. We employ a fast and robust hair volume
extraction method using boolean operations, leveraging the structured and bounded nature
of the learned implicit representation.

2 Related Work
We bridge the gap between generative volumetric head modeling and hair strand synthesis.
This section reviews existing methods relevant to our approach.
Implicit Representations for Head and Hairs. A line of research focuses on parametric
head models [9, 19], representing the head as a rigged mesh with a fixed topology. More
recently, implicit representations, such as NeRF [23, 24] and implicit surfaces [36, 42] have
emerged for modeling human heads, enabling applications like novel view synthesis and
generative face modeling [5, 7, 35]. However, like parametric head models, volumetric
representations inherently lack support for strand-based hair synthesis. A common approach
involves estimating the hair region’s occupancy from the head geometry and then using a
data-driven method to achieve realistic hair growth within the bounded volume. For hair
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Figure 1: PanoHair Overview. Given latent codezand camera parametersCcam= ( q; f ; r),
we �rst obtain tri-grid featuresTf using the pre-trained PanoHead [1]. A set of MLPsY(:)
then predicts semantic labels, 3D orientations, and SDF values. Training is supervised by
distilling knowledge from PanoHair image renderings, Gabor orientations, and semantic seg-
mentation. During inference, only the Blue-boxed components are required. The bottom row
illustrates PanoHair's outputs—geometry, semantic labels, and 3D orientations.

modeling, earlier methods investigated different structured geometric primitives, such as
wisp-based models [38], parametric surfaces [20, 26], and cylindrical primitives [6, 18, 37].
Strand-based representations for hair are now widely recognized as the standard for high-
�delity hair modeling [12, 28, 32]. Recent works encode surface strand geometry into latent
codes controlling strand length, curvature, and orientation [33, 34].
Generative Modeling of Human Head. With signi�cant progress in generating synthetic
facial images using Generative Adversarial Networks (GANs) [15, 47] and Denoising Dif-
fusion Probabilistic Models (DDPMs) [8, 13, 17], recent approaches leverage 3D-aware
supervision to produce volumetric face models as view-consistent implicit representations.
Models trained on large datasets of frontal 2D human faces [5, 7, 14, 35] are limited to
generating geometry and novel view renderings of frontal faces, restricting their ability to
estimate the complete geometry of a human head. This limitation restricts their applicability
in generative hair modeling, as a substantial portion of hairstyle geometry remains inade-
quately captured. Recent approaches [1, 48] overcome this limitation by capturing the full
volumetric geometry of the head, paving the way for strand-based hair modeling, a challenge
we address in this work.
Strand based Hair Reconstruction. Image-based hair modeling [22, 25, 40, 41, 44] has
primarily relied on orientation maps estimated from multiple-views [10, 27]. However, ori-
entation maps can only supervise the outermost hair surface, resulting in ambiguity when
reconstructing the internal hair strand structure. Furthermore, these methods typically de-
mand intricate data preprocessing, including camera localization, sparse point-cloud recon-
struction, and bust �tting. Data-driven methods address this limitation by incorporating hair
structure priors. HairStep [45] constructs a database of manually annotated orientations to
resolve directional ambiguities present in Gabor �lter-based orientation estimations. Mean-
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while, [34, 43] utilize diffusion priors to enhance the accuracy and �delity of hair geometry
re�nement. NeuralHaircut [33] �rst extracts the hair volume by estimating geometry em-
ploying [36] and 3D orientation maps, guided by multi-view supervision, and then utilizes
diffusion-based priors to generate hair strands within the bounded volume.

3 Method

Overview. Given a latent code, our network learns a signed distance function (SDF) to rep-
resent the volumetric head. Hair generation proceeds in three stages: (1) predict the SDF,
segmentation labels, and 3D orientations; (2) estimate the hair-speci�c volume; and (3) grow
strand-based hair within this volume. We leverage knowledge distillation from PanoHead
[1], which predicts radiance �eld densities, guiding our SDF-based surface modeling. Our
network also predicts binary segmentation labels on the SDF iso-surface to identify hair
regions. Supervision for segmentation and orientation comes from Gabor maps and segmen-
tation masks rendered from PanoHead. To extract the full hair volume, we �t a FLAME
model [19] and apply boolean operations. The FLAME scalp provides structured strand
roots, guided by the predicted 3D orientations.

3.1 Semantic Surface Extraction with Orientations

We represent the head as an implicit function modeled byY(:), whereY takes a 3D point as
input and predicts its signed distance, a binary segmentation mask, and 3D orientation. We
now describe how knowledge distillation from PanoHead [1] is used to train PanoHair.
Network Architecture. In Figure 1, we illustrate the complete pipeline for trainingY(:), a
key module of Panohair for predicting colorc, signed distances, orientationso, and semantic
labelsm. Our proposed network, PanoHair, comprises several sub-modules: Mapping Net-
work, Style-GAN Generator, MLP NetworkY(:), and SDF2Dens Network. Among these,
the Mapping Network and Style-GAN Generator are pre-trained sub-modules adopted from
PanoHead [1]. In [1], the MLP NetworkF (:) decodes tri-grid features into color and density
values. Our networkY(:) follows a similar architecture; however, in contrast, it predicts
signed distances along with orientations and semantic labels essential for hair modeling.
Following recent works [36, 42], we aim to model implicit surfaces with image-based re-
construction loss using differentiable volume rendering. To achieve this, we transform SDF
values (s) to density values for volume rendering employing the SDF2Dens Module, as illus-
trated in Figure 1. The conversion is de�ned in Equation 1, whereb is a learnable parameter.

SDF2Densb (s) =

(
1

2b exp( s
b ); if s � 0

1
b (1� 1

2exp(� s
b ); if s> 0

(1)

Training requirements from PanoHead. Including details on why PanoHead is preferred
over existing methods in the supplementary material, we now outline the training require-
ments for knowledge distillation using PanoHead. As shown in Figure 1, given a latent code
z � pz(0;1) and a desired camera poseCcam, the mapping network maps them into an inter-
mediate latent codew. The Style-GAN generator takesw as input and produces tri-grid rep-
resentation featuresTf . We sample features for a 3D pointx along a casted ray by projecting
its coordinates onto each tri-grid and retrieving the corresponding feature vector,tx, using tri-
linear interpolation. The MLP NetworkF (:) takestx as input and predicts appearance color
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Figure 2: Inferencing hair's outer surface and orientations. A 512� 512� 512 volumetric
grid is sampled within[� 0:75;0:75] to estimate SDF values. The geometry is extracted using
marching cubes, and semantic labels and 3D orientations are computed for the mesh vertices.

and neural radiance densityD. Finally, volumetric rendering of this radiance �eld from the
given camera viewsCcam generates the imageI , with a super-resolved version represented
asI+ . We utilize the pre-trained weights from [1] and estimate the required components for
training PanoHair, as outlined in Equation 2. Here, PH(:) refers to the PanoHead.

PH(z;Ccam) 7�! (Tf ; I+ ;D) (2)

Let the sampled points along rays cast from cameraCcam in the volumetric grid be denoted
asX 2 RN� 3. We trainY(:) for all X to predict signed distance from contained surface
S 2 RN� 1, color valuesC 2 RN� 3, Semantic labelsM 2 RN� 1, and orientationsO 2 RN� 3,
i.e. Y (X ) 7�! (S;C;M ;O). More precisely, given latent codew and tri-grid featurest f
for each pointx 2 X in the volume, we predict signed distances 2 S, color c 2 C, binary
semantic labelm2 M and orientationo 2 O .
Image Synthesis.To facilitate volumetric rendering, we convert the signed distance values
s2 S into density valuess 2 D̂ using the SDF2Dens module, as de�ned in Equation 1. To
synthesize an imagêI , we employ a ray-marching approach [23] where raysr 2 R are cast
from the camera center through each pixel of the image plane into the 3D space. Here,R
represents the set of all rays corresponding to the pixels of an image with resolutionH � W.
Along each rayr , we sampleK discrete pointsxi

r , wherei denotes the index of the sampled
point along the ray. For each sampled pointxi

r , we retrieve its corresponding densitys i
r 2 D̂

and colorci
r 2 C from the predicted outputs ofY(:). The �nal pixel colorC(r) for a given

ray r is computed using volume rendering, where each sampled colorci
r is accumulated

with an opacity-weighted contribution based on the density valuess i
r . This accumulation is

performed using the volumetric rendering equation de�ned in Equation 3.

Cr =
K

å
i= 1

T i
r a i

rc
i
r ; T i

r =
i� 1

Õ
j= 1

(1� a j
r ); a i

r = 1� e� s i
r d

i
r (3)

Surface Points Attributes. We identify the visible surface points with the predicted SDF
values at sampled points by detecting the �rst sign change along each ray. Since the rays are
cast from the camera, the �rst sign change ensures that the detected point lies on the surface
and is visible from the given viewpoint. Let the semantic labels of these identi�ed surface
pointsxS 2 X be denoted asmS 2 M and their 3D orientations asoS 2 O . To obtain the
semantic mapM̂2D, we directly projectmS to image space using the camera matrix ofCcam.
In contrast, to compute the 2D orientation mapÔ2D, we project the 3D orientationsoS into
the camera space using Plücker line coordinates [11], similar to [30, 40]. An illustration of
xS;mS, andoS is shown in Figure 1 along with their projections onto image plane, namely
M̂2D andÔ2D. We include qualitative results of projections in thesupp. material.
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Figure 4: Strand-based hair growth. Given a latent code, (a) shows the generated image,
and (b) visualizes 3D orientations on the outer hair surface. Strands are initialized using
shape textures from [33]. Unlike their rasterization-based optimization, we directly optimize
boundary strand points (d) to align with predicted orientations (b), producing the �nal hair
(e). (f) shows the FLAME model with strands rooted at the scalp.

Figure 3: Estimating hair volume. (a) FLAME
[19] model �tted to estimated landmarks. (b)
Empirically computed universal �t, leverag-
ing the structured representation of volumetric
faces within a unit volume by design during
training. Subsequently, we employ Boolean
subtraction between the �tted FLAME model
and the extracted mesh to compute volume.

Training Pairs. Our training pairs for
learning accurate SDF through volumetric
rendering consist of the super-resolved im-
ageI+ from [1] and the synthesized image
Î . To train for semantic masks, we utilize
[16] to estimateIM, which contains hair and
facial masks forI+ , and use them as ground
truth for supervision. The training pairs
for binary semantic classi�cation of the hair
region areIM and M̂2D. Furthermore, for
I+ , we estimate a 2D orientation map us-
ing a set of Gabor �lters to obtainIO, which
serves as the ground truth for the predicted
orientation mapÔ2D.
Loss Functions.To train PanoHair, we en-
force image reconstruction by optimizing a
Mean Squared Error (MSE) loss between
the super-resolved imageI+ and the synthe-
sized imagêI . For semantic mask prediction, we utilize a Binary Cross-Entropy (BCE) loss
between the ground-truth maskIM and the predicted mask̂M2D. Additionally, to acceler-
ate convergence during the initial training phase, we impose an L1 loss between the density
distributionD from PanoHead and the estimated densitiesD̂, which are derived by trans-
forming the signed distance values predicted byY(:) using Equation 1. This auxiliary loss
is applied only for the initial training iterations and is gradually reduced to zero afterward
using a schedulerd(t), which decays to zero after iterationt. We de�ne our loss functionL
in Equation 4.

L = l 1 � d(t) � kD � D̂k1| {z }
Density Loss

+ l 2 � kI+ � Ik2

| {z }
Image Reconstruction Loss

+ l 3 � BCE(IM; M̂2D)
| {z }

Semantic Loss

+ L orient (4)

Here,l represents the weights assigned to each loss term, andL orient denotes the ori-
entation loss, which we now describe in detail. Since ground-truth 3D orientations are un-
available for direct supervision, we instead learn to predict them by enforcing losses on their
2D projections, speci�cally betweenˆO2D and the Gabor orientation mapIO. However, this
projection-based orientation loss is inherently ill-posed and ambiguous, as multiple 3D ori-




