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Abstract

We present Vid2Haircut, a novel approach for strand-based 3D hair reconstruction from monocular head-motion videos. While
existing multi-view methods achieve high-fidelity results, they require controlled capture setups. In contrast, single-image ap-
proaches suffer from occlusion-driven ambiguities, particularly in unseen regions such as the back of the head. Recent monocu-
lar video methods improve reconstruction by leveraging learned priors, but may struggle under natural head motion. To address
this, our approach reconstructs accurate geometry from a short monocular video by leveraging viewpoint variations induced by
natural head motion to resolve occlusions. Specifically, we extend a learned hair prior [SZP*25] by jointly optimizing a shared,
scalp-aligned hair map in a canonical space across multiple key-frames. To accommodate hair motion during capture, we in-
corporate a deformation MLP that predicts residual strand offsets, preventing frame-specific deformations from corrupting the
canonical hairstyle. Additionally, we stabilize the reconstruction of poorly observed regions using visibility-aware updates and
neighboring-strand smoothness constraints. Experiments on synthetic and real data demonstrate improved back-view consis-
tency, scalp attachment, and overall reconstruction quality compared to state-of-the-art baselines, while requiring only casual
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monocular video as input. For additional results, please refer to the project pageT.
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1. Introduction

Digital hair reconstruction is fundamental to realistic 3D avatar
creation, playing a vital role in film, gaming, and virtual reality.
Despite its importance, hair remains one of the most challenging
structures to model due to its dense, anisotropic geometry, complex
self-occlusions, and high style variability. Even small inaccuracies
in hair volume, length, or scalp attachment are immediately per-
ceptible and can significantly reduce the realism of a personalized
avatar.

Existing solutions generally fall into three categories. High-fidelity
multi-view methods achieve impressive results using dense cam-
era setups, but are restricted to controlled environments and ex-
pensive hardware, limiting their practical deployment. Single-
image approaches [RWF*25,ZJL*23,SZP*25] reduce hardware re-
quirements and have demonstrated strong results in reconstructing
strand-based hairstyles from a single image. However, they are fun-
damentally limited by occlusions and unseen regions, often leading
to inaccuracies in the crown and back of the head, as well as in-
consistencies in overall hair volume and length. Recent works ex-
plore hair reconstruction from monocular video of a static subject
(e.g., MonoHair [WYK*24]), leveraging learned priors to improve
reconstruction quality. While effective, these approaches typically

T https://fatmal8f.github.io/Vid2Haircut/
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assume stable capture conditions and require significant processing
time. Rather than leveraging personalized observations, they tend
to synthesize occluded regions based on learned priors, which can
limit person-specific accuracy.

In this work, we explore a middle ground by leveraging short
monocular videos with natural head motion, which reveal addi-
tional viewpoints beyond a single image. Such captures can be eas-
ily obtained in casual settings using commodity devices, yet they
implicitly encode multi-view observations and motion cues that
reveal hair length and help resolve occlusions. A similar capture
paradigm is employed in commercial mobile hair scanning sys-
tems [GHH*25]; however, these methods are not publicly available
and often produce lower-fidelity results. We propose Vid2Haircut,
which extends the strand-based prior of Im2Haircut to multi-frame
input. Our core contribution is a joint optimization framework that
aggregates information across multiple keyframes into a shared,
PCA-parameterized hair map. To handle mild non-rigid hair mo-
tion during capture, we introduce a deformation MLP that estimates
residual per-frame offsets, preventing such variations from being
encoded into the canonical hairstyle. Furthermore, we incorporate
a visibility-aware optimization strategy that stabilizes poorly ob-
served regions by restricting updates to frames with reliable obser-
vations. By leveraging multi-frame monocular video observations
rather than relying solely on learned priors, our method achieves
more accurate and person-specific hairstyle reconstruction.
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Figure 1: Method Pipeline. Starting from a frontal reference frame, we initialize the canonical hairstyle using the Im2haircut prior and select
keyframes from the input monocular video for joint optimization. A shared PCA hair map Z is refined across frames, while a deformation
MLP accounts for non-rigid motion. Visibility-driven updates ensure that gradients modify the canonical map only in regions with reliable
observations, with optimization stabilized by smoothness regularization and reprojection losses.

2. Method

Our method reconstructs a 3D strand-based hairstyle from a short
monocular head-motion video, in which the subject performs nat-
ural head rotations, spanning near-frontal to partial side views and
providing viewpoints beyond a single image. We provide an ex-
ample input sequence in the Appendix. We assume that hair un-
dergoes mild motion during capture, while the overall hairstyle
structure remains preserved. Following Im2Haircut [SZP*25], we
represent hair using a PCA hair map Z € RAXWXK gefined on
the FLAME [SBFB19] scalp UV space, together with a baldness
mask M. Each texel of Z encodes a strand as a polyline with a
fixed number of points. In contrast to the single-image setting of
Im2Haircut, we leverage multiple frames to refine a shared canoni-
cal hairstyle. We define a shared canonical hair map and model per-
frame residual non-rigid motion as offsets Ax; estimated by a defor-
mation MLP fy. From the input sequence, we select M keyframes
{1}, with camera parameters and estimate rigid head poses Ty
via FLAME fitting. The most frontal frame is selected as the canon-
ical reference view. Optimization proceeds in two stages:

Stage 1: Single-frame initialization. Given the canonical refer-
ence frame, we perform single-view optimization following the
Im2Haircut pipeline. Specifically, we optimize the hair map Z for
100 iterations within the learned prior space using projection losses
including the standard silhouette, direction, depth, and penetration
terms [SZP*25]. This produces an initial 3D hairstyle that roughly
matches the reference view.

Stage 2: Joint multi-frame refinement. We refine Z by integrat-
ing newly visible areas, such as the back and crown, revealed by
the head motion. The canonical strands decoded from Z are trans-
formed by the rigid head pose T;, and then further adjusted by a
learned non-rigid deformation model fg to account for hair motion.
The strands are rasterized as strand-aligned 3D Gaussians and ren-
dered to obtain a hair silhouette s;, direction map oy, and depth map
d;. We jointly optimize hair prior model weights and the deforma-

tion network parameters 6 by minimizing our proposed video loss:
Lyideo = (}\tseg
+7‘/deplh Hdl - (j, Hl + hpcnﬁpcn (1)

+7"smooth£smoolh + 7‘fpcaﬁpca)s

st =8t |l1 + Adicllor — 01|

where §, 0;, and d, are the ground-truth hair segmen-
tation, direction, and depth maps, respectively. Similar to
Img2haircut [SZP*25], the term Lpen penalizes hair-head inter-
sections using a signed distance field defined on the FLAME
mesh. The regularization term L,00¢, €nforces neighboring-strand
smoothness in length and direction. Lpca enforces consistency of
the PCA coefficients between observed and unobserved regions,
encouraging plausible structure in areas lacking direct supervision.
Further details on the loss terms are provided in the Appendix.

Deformation MLP. To model non-rigid hair motion, we introduce
a deformation MLP fy that estimates per-frame residual offsets Ax;
conditioned on canonical points x, root-to-tip coordinates u € [0, 1],
frame specific latent code z;.

Axy = wy - fo(x,u,z), 2

where wy is a weighting that suppresses motion near the roots and
allows larger offsets near the tips. The deformed strand point in
frame ¢ is then given by x; = T;(x + Ax). The network captures
frame-dependent non-rigid variations, preventing them from being
encoded into the canonical hairstyle.

Poorly-observed region stabilization. Regions such as the back
and crown are only visible in a subset of frames. To stabilize these
areas, we impose neighboring-strand smoothness on length and di-
rection in canonical space, and apply a per-frame visibility mask
v derived from the rasterizer. During optimization, gradients from
frame ¢ are applied only to canonical strand segments that are cur-
rently visible (v; = 1), while invisible segments are updated indi-
rectly through smoothness regularization and the PCA prior. This
visibility-aware strategy prevents poorly observed regions from
drifting due to inconsistent supervision across frames.

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



F. Ben Ayed et al. / Vid2Haircut: 3D Strand-Based Hairstyle Reconstruction from Video 3of4

L
Input Ours

MS-Hair [GHH*25]

Im2Haircut [SZP*25]

p
ﬂ

= o

2> 2

0

DO OODOODIDOYM

Difflocks [RWF*25]

Hairstep [ZJL*23]

Figure 2: Comparison with baselines. We compare against state-of-the-art hair reconstruction methods, including Im2Haircut [SZP*25],
Difflocks [RWF*25], and Hairstep [ZJL*23], which operate in the single-image setting, as well as the commercial monocular video-based
method MS-Hair [GHH"25]. Our method achieves more person-specific hairstyle reconstruction compared to all baselines.

3. Experiments

Qualitative comparison. We compare our method against the
single-view reconstruction methods Hairstep [ZJL*23], Dif-
flocks [RWF*25], and Im2Haircut [SZP*25], as well as
the commercial hair scanning solution MS-Hair [GHH"25].
Hairstep [ZJL*23] extracts global and local hairstyle features from
an input image and reconstructs strand-based geometry through a
hair-growing procedure. Difflocks [RWF*25] employs a diffusion
model conditioned on image features to denoise the entire hairstyle.
Im2Haircut [SZP*25] is an optimization-based approach that trains
a prior model on synthetic data and optimizes in prior space to re-
construct the hairstyle. MS-Hair [GHH"25] extracts features from
input images and applies fitting procedures to refine the hairstyle;
however, implementation details are not publicly available. Our
method extends Im2Haircut to handle monocular video input. In
our experiments, we use M=6 keyframes, though the method sup-
ports an arbitrary number of input images.

We present results on five sequences from the NeRSemble
dataset [KQG™*23], visualizing frontal, side, and back views (see
Figs. 2, 3). Our method produces more person-specific hairstyles
compared to existing approaches. In particular, Hairstep [ZJL*23]
often produces incorrect strand lengths, Difflocks [RWF*25]
tends to bias reconstructions toward curlier hairstyles, and
Im2Haircut [SZP*25] exhibits inter-strand smoothness artifacts.
While some prior methods may produce more visually separated

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.

Table 1: Quantitative comparison on synthetic data.

Method Chamfer_pts | Chamfer_angle |
Difflocks [RWF*25] 0.000241 0.3638
Im2Haircut [SZP*25] 0.000101 0.2846
Ours 0.000033 0.2478

strands, this often comes at the cost of geometric inconsistencies,
particularly in weakly observed or occluded regions. In contrast,
our method produces more stable strand orientations and consistent
geometry across viewpoints. Finally, although MS-Hair [GHH*25]
takes video as input, it struggles to recover person-specific hairstyle
details. Our method achieves higher reconstruction quality and can
incorporate an arbitrary number of input images to further improve
results.

Quantitative comparison. We evaluate Vid2Haircut on a syn-
thetic benchmark generated using Unreal Engine, comprising re-
alistic head motion sequences for four diverse hairstyles, providing
controlled multi-view inputs for evaluation. As shown in Tab. 1,
Vid2Haircut achieves the lowest Chamfer distance and Chamfer an-
gle among all methods, indicating more accurate recovery of both
strand geometry and orientation. This improvement is attributed to
aggregating information across multiple frames, which resolves ge-
ometric ambiguities inherent in single-view inputs.

Ablation Studies. We provide qualitative comparisons on sev-
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Figure 3: Back-view comparison with baselines. Note that
ground-truth back views are not available.

Input Ours w/o deform
Figure 4: Ablation on deformation MLP network. Omitting MLP
leads to worse hair volume reconstruction.

Input Ours 1 view
Figure 5: Ablation on the number of input images. More input
images yield improved reconstruction of unobserved regions.
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Figure 6: Ablation on Lg,p0- Adding a smoothness loss regular-
izes the hair map and removes jagged artifacts.

w/o ‘csmooth

eral subjects from the NeRSemble [KQG*23] dataset to validate
our design choices. We ablate the deformation MLP (w/o deform
in Fig. 4) and strand smoothness regularization (w/0 Lgmooth in
Fig. 6). The deformation MLP improves the overall volume and ac-
curacy of the reconstructed hairstyle, while strand smoothness reg-
ularization ensures that adjacent strands maintain consistent orien-
tations and curvatures. As shown in Fig. 6, removing this constraint
results in localized noise and strand tangling. Finally, we demon-
strate how reconstruction quality improves progressively with the
number of input images (see Fig. 5).

4. Conclusion and Discussion

We present a novel method for reconstructing strand-based
hairstyles from a monocular video. Our approach optimizes a
hairstyle prior using visual guides extracted from the input images
combined with 3D geometric regularization. To handle mild hair
motion, we optimize a canonical hairstyle representation coupled
with per-frame deformation fields. The formulation supports an
arbitrary number of input images, enabling increasingly accurate,
person-specific hairstyle reconstruction. Both qualitative and quan-
titative evaluations show that our method significantly outperforms
single-image baselines when multiple input images are available.
The reconstructed strand-based hairstyles are directly compatible
with modern physics engines, enabling realistic rendering and sim-
ulation.
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