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ABSTRACT Simulating the cohesion, adhesion, stiffness, and exaggeration of curls of wet curly hair or
fur, expressed through the saturation-hair interaction in physics-based simulations, remains a challenging
problem. Wet hair or fur tends to clump and stiffen at the ends, a common phenomenon observed in wet
hair or animal fur. Additionally, while wet hair should exhibit adhesion when in contact with solids, the
uneven distribution of forces in wet curly hair, manifested as noise, complicates an accurate representation of
adhesion. Research into detailed porous models for wet curly hair, driven by saturation-hair interaction, is not
yet extensively explored. Previous methods have manually represented wet hair or used static hairstyles for
wet curly hair and fur, maintaining shape but resulting in unnatural movement due to the lack of simulation.
This paper proposes methods for representing wet curly hair features: 1) curl exaggeration using locally
transformed helices, 2) deformation-based cohesion that remains stable in wet curly hair, 3) level-set-based
adhesion for efficiently depicting the sticky and elongated forms of wet hair, 4) dynamic stiffness for
improved simulation stability, and 5) collecting a detailed synthetic dataset of curly hairs and extending
the solver to represent particle movements in wet strands through learning. Experiments in various scenes
demonstrate that our proposed methods more realistically represent the saturation-hair interaction compared
to previous wet curly hair simulations. Unlike previous methods in which saturation caused cohesion or curls
to tangle, our method stably represents porous flow at the strand level. Additionally, we propose to extend
the learning representation solver through both numerical simulation algorithms and AI-based approaches.

INDEX TERMS Porous model, saturation, wet curly hair, cohesion, adhesion, stiffness, exaggeration of
curly hair, local-transformed helix.

I. INTRODUCTION
Hair and fur simulations are crucial in representing the
skin of digital humans and animals in detail; hence their
widespread use in simulation, animation, games, and virtual
reality (VR) [11]. Hair, in particular, moves independently per
strand and changes state with heat or saturation. Although
recent studies focusing on various physical characteristics
manifested by the liquid-hair interaction have gained atten-
tion, they are mostly designed with straight hair in mind. This
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limits their applicability in diverse scenes, and movements
like cohesion or adhesion that should be applied per strand
face issues of noise and trembling due to the unstable forces
of curly strands [1], [2], [3], [5], [6].

To express the various interactions that result from the
absorption of moisture of a strand, Rungjiratananon et al. [1]
designed a grid format capillary system to model the
direction of hair moisture dispersion. Building on this
method, Lin [3] utilized boundary handling techniques from
SPH (Smoothed Particle Hydrodynamics) to simulate the
complex interactions between fluid and hair. In particular, Lin
employed a Lagrangian approach to model strand saturation,
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effectively calculating the cohesion effects manifested in the
interaction between fluid and hair. However, since previous
methods were designed assuming straight hair, applying them
to curly hair has limitations [1], [3], [5]. Before developing
a new simulation framework in this study, we observed
photographs that contained real wet curly hair to identify the
subtle characteristics of wet curly hair when the strands are
adjacent to each other.

The interaction between hair and liquid exhibits character-
istics similar to those of porous materials. When hair is fully
submerged in liquid, it acts as a porous medium, resulting
in a drag effect due to the surrounding flow. In the hair-
liquid interaction, the hair retains a certain amount of liquid,
which flows along the hair strand before eventually falling
off. Additionally, wet strands exhibit cohesion, represented
by clumping, and adhesion, which occurs due to collisions
with solids.

FIGURE 1. The real appearance of dry and wet curly hair.

In Figure 1 comparing actual dry and wet curly hair, key
observations include stronger clumping, stiffness, and more
pronounced curliness in wet curly strands compared to dry
ones. Previous methods used mainly triangular mesh-based
or grid-based approaches to model the shape of wet hair [4].
However, predefined hair meshes are insufficient to simulate
saturation-induced hair interactions. Kim et al. [6] applied
the surface minimization force used in SPH to the wet
hair cohesion, effectively representing the clumping effect
between the strands. This method, designed with straight
hair in mind, faces challenges in curly hair, where hair
particles are irregularly distributed, reducing system stability
and making it difficult to fully represent the characteristics of
wet curly hair.

A. PROBLEM STATEMENT
Hair and fur models are similarly structured, often using
mesh structures for simulation. Recent techniques such as
MeshCNN [7] and Graph Nets [8], [9], [10] have focused
on learning 3D mesh representations by considering model
connectivity. However, these approaches primarily target
triangular or meshless structures, leaving a gap in simulations
for strand-based structures like hair and fur. Fei et al. [5]
addressed this by modeling cohesion through surface tension
between wet hair, submerged hair movement, and liquid

FIGURE 2. Simulation of wet curly hair(short hair, high res.) using
previous methods.

drag force. They applied the liquid surface tension force
for cohesion between strands and adhesion with objects,
similar to Kim et al. However, this requires water simulation,
increasing computational load and indicating that saturation
alone inadequately models cohesion [6].
Figure 2 illustrates the results of applying the charac-

teristics of wet hair to the simulation of curly hair using
previous approaches. Due to most methods assuming straight
hair, forces are applied unstably on curly strands, leading
to noisy movements and the simulations not converging.
In the technique used by Lin [2], [3], which uses boundary
handling, instability issues arise from the early stages of the
simulation (see Figure 2b). Similarly, Kim et al.’s method [6]
encountered instability issues similar to those seen with
Lin et al., but additionally, noisymovements propagated from
the tips, where curls were strongly represented, ultimately
causing the simulation to diverge (see Figure 2c).

FIGURE 3. Simulation of wet curly hair(short hair, low res.) using Lin
[2], [3].

To determine whether the issue depends on the number
of strands, we conducted experiments with a more sparse
hairstyle to simulate wet curly hair. As shown in Figure 3,
Lin technique [2], [3] demonstrated that minor tremors in
curly strands were transmitted as noisy forces, leading to
tangled movements. To illustrate that this issue was not
unique to this scene, we conducted the same experiment on
long hair. Figure 4 shows the results of simulating wet curly
hair cohesion in long hair using previous methods. Compared
to Figure 3, a relatively stable result appeared; however,
because it clumped only thinly, the hair was prone to tangling
(see Figure 4a,b). This problem became more severe when
applying movement, such as rotating the head, rather than in
static scenes (see Figure 4c).

84518 VOLUME 13, 2025



J.-H. Kim, J. Lee: Porous Models for Enhanced Representation of Saturated Curly Hairs

FIGURE 4. Simulation of wet curly hair(long hair, low res.) using previous
methods.

FIGURE 5. Simulation of wet curly hair(short hair, low res.) using
Kim et al. [6].

The problem described was also present in the method of
Kim et al. [6], where the intensity of the strand noise was
reduced compared to Lin [2], [3], but, as shown in Figure 5,
there was still observable trembling or tangling. As in other
studies, this problem also appeared in long-hair simulations.
In this paper, we define a new problem tomitigate these issues
and our technical contributions to solve it are as follows:

1) Curl exaggeration in wet curly hair when saturated: A
locally transformed helix to transfer curl styles from the
root to the tip of each strand.

2) Stable cohesion in curly hair due to interaction caused
by saturation: Analyzing the saturation relationships
between the target strand and adjacent strands to
deform positions according to cohesion.

3) Level-set-based adhesion represented by the interac-
tion between objects and wet curly hair: Expressing
adhesion and elongated movements in wet curly hair
based on the level-set of the objects.

4) Dynamic stiffness based on saturation to enhance
the stability of wet curly hair: Typically, various
forces are applied to maintain curly hair curl shape,
with additional forces for wet hair. The presence
of numerous forces can reduce the stability of the
simulation. Thus, this paper introduces a method
for applying dynamic stiffness to each hair particle,
depending on saturation.

5) Solver extensions: This paper proposes extending the
solver to construct synthetic data required for learning
through the suggested simulation and to represent the
learning of cohesion, adhesion, and curl exaggeration
in particles existing in wet strands.

II. RELATED WORK
A. HAIR DYNAMICS
One approach to individually simulate hair strands is the
mass-spring system [12], which alleviates the issue of
hair strands stretching through spring dynamics. However,
this method can cause numerical instability during the
process of mitigating strand stretching. Recently, methods
have been developed to make hair inextensible [13] or to
combine Position-based Dynamics (PBD) [14], [17] with
the Discrete Elastic Rods (DER) framework [15], [16].
Müller et al. combined PBD with the Follow-the-Leader
(FTL) approach to simulate thousands of hair strands in real
time, imposing restrictions to prevent excessive stretching
of hair strands even at large time steps [13]. Iben et al.
proposed a technique for realistically representing curly
hair or fur [18]. In this method, the hair-hair collision was
managed using the Gauss-Seidel collision solver proposed
by Kaufman et al. [16], and Gornowicz and Borac suggested
a hybrid algorithm for improved performance and better
stability [19]. The proposed method builds on this technique
to model the hair interaction based on saturation.

B. POROUS MATERIALS
In the field of simulation based on physical data, methods
have been proposed to model the physical mechanisms of
wetting effects. These physical models are still utilized in the
field of Computer Graphics: The second law of Fick [26] can
be used to represent moisture permeation in homogeneous
fabric materials [27]. Furthermore, Darcy’s law [28] can be
used to calculate the velocity of a liquid passing through
porous media, using pressure drop, viscosity coefficient, and
permeability, and is also applied to calculate viscous drag in
numerical simulations [29].
The mixture theory was developed to represent saturated

porous media observed in incompressible solids, proving
theories regarding the drag and pore pressure exhibited
between porous solids and liquids [30]. Recently, Borja gen-
eralized the theory of mixtures for unsaturated porous media
with compressible solids, presenting a method to formulate
it in a mathematical framework [31], [32]. This approach
has been used in various methods for simulating two-way
coupled porous media. For example, Abe et al. proposed a
method to calculate the generalized Darcy equation in the
Material Point Method (MPM) to simulate the creeping flow
in porous soil [33]. Extending this method, Bandara and
Soga introduced a way to represent porous media in large
deformation [29]. Daviet and Bertails-Descoubes combined
mixture theory with Drucker-Prager rheology to simulate
immersed granular flows [34].

Rungjiratananon et al. [1] proposed a method using
a particle-based model to absorb liquid in a porous
medium, and Lenaerts et al. [20], [21] presented realistic
representations of wettable materials through sponge and
fabric simulations to demonstrate fluid absorption and
flow. Baek et al. [22] introduced a method to realistically
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represent mud on various scales using the interaction between
particle-based fluids and sand. Chen et al. [23] realistically
simulated wet garments considering the frictional forces
arising from liquids. Um et al. [24] suggested a double layer
technique to simulate the saturation of water flowing in
thin shells. Fei et al. [25] realistically modeled the physi-
cal phenomena represented in the liquid-cloth interaction.
This approach proposed an integrated framework that can
represent the theory of mixtures and porous flow in APIC
(Affine Particle-in-Cell), developing an anisotropic fabric
microstructure model to represent nonlinear drag force and
pore pressure.

Most hair research in computer graphics has focused on
straight or wavy hair, limiting its applicability to diverse hair
styles. Recently, Shi et al. proposed an isotropic hyperelastic
model designed to efficiently simulate highly coiled hair with
a curvature radius close to 5 mm [41]. This method operates
robustly under large bending and torsion and does not require
a parallel transport operator, enabling the use of large time
steps. Wu et al. introduced a geometric method for generating
the characteristic forms of highly coiled hair [40]. When hair
is well-approximated by high-frequency helices, its visually
significant features change, and their approach models three
key phenomena: (1) phase locking, (2) period skipping, and
(3) switchbacks or helical perversions. Darke et al. proposed
a framework for representing Black hair, specifically kinky or
Afro-textured hair [42]. They introduced styling guidelines
for 3D models from the Open Source Afro Hair Library
and presented Lifted Curls, a strand simulation method
specifically designed for Afro-textured hair.

C. WET HAIR MODEL
Rungjiratananon et al. [1] proposed a grid-based approach to
simulate micropermeability associated with the absorption of
liquid by hair. They discretized a porous flow model within
a regular Cartesian grid surrounding the hair bounding box,
applying previous SPH-based porous flow techniques [20].
Lin [2], [3] utilized fluid-solid interaction techniques to
simulate the absorption and dispersion exhibited in the
interaction between hair and water, proposing an algorithm
that could represent the adhesion and cohesion that occurs
between wet strands. They modeled fluids using SPH and
used the DER model for hair to express two-way fluid-
hair interactions. Furthermore, they deactivated the hair-hair
adhesion force for underwater hair to accurately represent
fully submerged areas.

Asmentioned above, Fei et al. [5] extended the liquid-cloth
interaction algorithm to liquid-hair interactions, realistically
representing the interactions exhibited in wet hair. This
method introduced inertial forces to express the detailed
movement of liquid traveling and diffusing along hair strands,
and newly modeled cohesion due to surface tension between
wet hair, movement of submerged hair, and drag force
exhibited between liquids. However, these methods assume
straight hair, and in curly hair, the irregular dispersion of hair

particles can result in unstable force calculations, affecting
hair’s cohesion and adhesion. This paper aims to present an
efficient method to address these issues, examining three
commonly used approaches to represent characteristics of
hair interaction caused by saturation: 1) Lin method [2],
[3], which represents wet hair similarly to SPH’s boundary
handling, 2) Kim et al. and Fei et al.’s methods [5], [6],
which utilize SPH’s surface tension force to represent wet
hair. Among these, Fei et al. explicitly require particle-based
fluids, and thus this paper compares with the approach of
Kim et al.

III. PROPOSED METHOD
A. CURLY HAIR DYNAMICS
In this paper, we utilize the technique proposed by
Iben et al. [18] to represent curly hair, and in this section,
we describe three spring-based methods for calculating the
dynamics of curly hair.

1) STRETCH SPRING
The stretch spring type typically defines a hair model using
a set of particle positions connected by linear springs. Each
hair comprises a set of current particle positions P =

{p0, . . . , pN−1} and the initial positions of the particles P̄,
where the subscript 0 denotes the initial quantities. The
current velocity of the particles is represented as V =

{v0, . . . , vN−1}, and the edges connecting the hair particles
are denoted as ei = pi+1 − pi. The linear spring force for the
particle i is calculated as follows:

fs (ks, cs) = ks (∥ei∥ − ∥ēi∥) êi + cs
(
1vi · êi

)
êi (1)

where ks and cs are the spring constant and damping
constant corresponding to stretch, respectively, and 1vi is
defined as 1vi = vi+1 − vi. Since a spring connects two
particles, each spring force is applied equally but in opposite
directions to both particles. To represent hair without using
stiff springs, we limit the strain of an edge, similar to the
method proposed by Selle et al. [12]. During the calculation
of damping, if 1v2i exceeds a threshold, we revert from the
root to the tip to limit the velocity of the particles.

2) BENDING SPRING
The bending spring used by Iben et al. [18] is similar to the
elastic rod model. 3 = {λ0, . . . ,λN−1} represents elements
related to hair, such as the positions and velocities of particles.
In this method, a smoothing function based on the Infinite
Impulse Response (IIR) is defined as follows: di = ς (3, α)i.
This is a recursive filtering function that combines input
results with previous results to produce new results. Here, α,
the amount of smoothing defined along the curve, is set to be
greater than zero, and the vector di is recursively calculated
as follows.

di = 2 (1− β) di−1 − (1− β)2 di−2 + β2 (λi+1 − λi) (2)

β is defined as β = min (1, 1− exp (−l/α)), where l is the
rest length of the hair strand. In this process, if the coefficients
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are initialized as follows: d2 = d1 = λ1 − λ0, then the
equation is reduced to d0 = λ1 − λ0 at i = 0.

ς is a set of positions, by recursively adding vectors from
the fixed root hair particle, the hair strand can be recalculated,
and the new positions are calculated as follows.

p′i = p′i−1 + di−1 (3)

where p′0 = λ0, which represents the root particle of the
hair strand. To maintain the helical shape of curly hair, it is
necessary to stably control the bending between the rest of
the hair and its current pose, which requires the calculation
of bending springs. Additionally, to calculate the force for
bending, spring forces are added between the current shape
of the strand ei and the target vector ti.

fb (kb, cb) = kb (ei − ti)+ cb
(
1vi −

(
1vi · êi

)
êi

)
(4)

where kb and cb represent the spring and damping constants
for bending, respectively, and ti is the target position
calculated considering the initial curly shape of the hair
strand. It is recommended to refer to the previous method [18]
for a detailed calculation process of ti.

3) CORE SPRING
When simulating curly hair, it is challenging to meet
the designer’s requirements with only stretch and bending
springs. Stretch and bending springs can maintain curly hair,
but they are not sufficient to control the form in which the hair
bends. To ensure that curly hair remains naturally curly even
when external forces are applied, we introduce core springs
(see Equation 5).

fc (kc, cc) = kc
(
∥bi∥ −

∥∥b̄i∥∥)
b̂i + cc

(
νi · b̂i

)
b̂i (5)

where kc and cc represent the spring and damping constants
for the core, respectively, and νi is the velocity after applying
a smoothing function: νi = ζ (V , αc). b̄i is the core force of
the curly strand calculated from the initial position of hair
particles: b̄i = ζ

(
P̄, αc

)
, and bi is the core force calculated

from the current position of hair particles: bi = ζ (P, αc).
Figure 6 shows the results of representing curly hair using

stretch, bending, and core springs as previously described.
It demonstrates that the curls remain intact even in scenes
with vertical movement. In the next section, we will explain
how to extend the solver to the dynamics of wet curly hair,
allowing for a detailed representation of the characteristics of
wet strands.

B. EXAGGERATED CURLY MOTION IN WET HAIR
The hair model used in this paper uses the simulation of curly
hair described previously. Similarly to the previous method,
it constructs three types of spring model and designs a new
force to control the curl shape in a helix structure model, thus
modeling the state change of curls. Tomodel the state changes
due to moisture absorption, which are not represented in
the hair’s original curl shape, a 3D helix structure model is
calculated in the preprocessing stage (see Equation 6). It is

FIGURE 6. Curly hair simulations.

FIGURE 7. A helix defined by the parametric equation.

crucial that the number of particles in the hair particles and
the helix structure model match.

x (t) = rcos (t) , y (t) = rsin (t) , z (t) = pt (6)

The above equation represents the result of generating a
helix with radius r in the Z -axis direction as the parameter t
increases (see Figure 7).

As shown in Figure 1, wet curly hair tends to express curls
more strongly, so this paper represents the characteristics of
wet hair based on helix patterns. The current position of the
hair particles is defined as P = {p0, . . . , pN−1}, and the
position of the particles in the helix structure model is defined
as H = {h0, . . . , hN−1}. During simulation, the vectors from
the root to the tip of hair and helix particles, p∀ = pN−1−p0-
h∀ = hN−1 − h0, are normalized to calculate the matrix M ,
which transforms the helix model to the current direction of
the hair (see Equation 7).

M = I +9 + 29
(

1− c
pow (∥γ ∥ , 2)

)
(7)

where, 9 =

 0 −γ.z γ.y
γ.z 0 −γ.x
−γ.y γ.x 0

 (8)

where γ = p∀ × h∀ and c = γ = p∀ · h∀. Using this rotation
matrixM , the edges of the helix model align with the current
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FIGURE 8. Comparing the exaggerated forms of curls (b, c) according to
saturation.

FIGURE 9. Testing cohesion in wet curly hair using the method of Lin
[2], [3].

pose of the strand. Consequently, the force fw that models the
change in the curly state is calculated as Equation 9.

fw = M (hi+1 − hi)whws (9)

where (hi+1 − hi) represents the local helix direction cal-
culated based on the helix’s particles, and M is the
transformation matrix for rotating the current strand direction
to align with the helix direction. Additionally, ws and wh
represent the saturation and weight for the helix model,
respectively. By adjusting these values, a variety of results
can be achieved.

Figure 8 compares the original form of curly hair with the
results of the curl exaggeration applied using ourmethod. The
saturation was strongly set at the tip of the strand, resulting
in an exaggerated expression of the curl’s form. Figure 8b
shows exaggerated curls with relatively weak saturation,
and Figure 8c presents curl exaggeration experimented
with strong saturation. Compared to the original curl form,
it effectively demonstrates the natural appearance of wet
curls.

C. STABLE COHESION FORCE IN WET CURLY HAIR
In this section, we discuss methods for stably representing
cohesion in wet curly hair. As described in the problem
statement, previous methods attempted to stably represent the
cohesion exhibited in wet hair [2], [3], [6]. These methods
modeled the clumping that occurs when hair gets wet, based
on the distribution and saturation of adjacent hair particles.
However, as most were designed based on straight hair, they
do not adequately represent cohesion in curly hair due to the
irregular distribution of adjacent hair particles.

FIGURE 10. Testing cohesion in wet curly hair using the method of
Kim et al. [6].

Figures 9 and 10 show the results of testing cohesion in
wet curly hair using previous methods. In comparison to the
input hair’s form, cohesion is relatively well represented in
wet hair. However, there is a tendency for hair to clump in
thin forms, often leading to tangling issues, especially when
the hair rotates, causing the tangles to tighten, and ultimately
making the simulation unstable. The fundamental reason for
these issues is as follows: The distribution of adjacent hair
particles is irregular, causing forces to be applied as irregular
noise, leading to unstable movements. This problem worsens
when the hair is wet, especially when forces such as rotation
are involved, where the noise becomes more pronounced.
To address this problem, we calculate the position of wet hair
particles, pwi , using Equation 10.

pwi =

[∑
j
(
pjσj + pi

(
1− σj

)) mj
ρj
W

(
pi − pj, h

)∑
jW

(
pi − pj, h

) ]
λ (10)

where pi and pj represent the positions of the target hair
particle and adjacent hair particles, respectively, while mj
and ρj denote their mass and density. Additionally, σj is
the saturation of each particle, and finally, λ is a value
representing tightness, which is set to 0.85 in this paper.
As a result, by separately storing positions for cohesion
for each strand’s particles, a stable clumping effect due
to saturation was created. Since pwi does not affect the
movement of the original curly hair, cohesion is stably
represented. Equation 10 is designed to represent wet curly
hair, determining the position for expressing wet hair in a
position-based manner similar to PBD, rather than updating
from force. A larger value of σ is designed to apply a stronger
cohesion force, and as the saturation σj of adjacent hair
particles increases, pwi is placed closer to pj. When σj is
small, pwi tends to remain closer to pi, resulting in a weaker
cohesion force. Consequently, the position pwi represents
the attractive force between hair particles depending on
saturation, effectively creating a clumping effect where wet
hair particles gather. The magnitude of this clumping effect
is controlled by λ.

Figure 11 shows the results of representing cohesion using
the method proposed in this paper. Compared to the original
hair model, cohesion was naturally represented without
tangling (see Figure 11b), and when compared to previous
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methods, wet curly hair was well represented without strands
tangling into thin clumps. In particular, even when the
head rotates, our method successfully and stably represented
cohesion due to saturation, unlike the previous method in
which tangled hair appeared (see Figure 11c).

FIGURE 11. Testing cohesion in wet curly hair using our method.

D. STABLE ADHESION FORCE BETWEEN WET CURLY HAIR
AND OBJECTS
In this section, we introduce a method for stably representing
adhesion between wet curly hair and objects. While the
previous method added boundary particles to objects to
represent force in a kernel form, we use a level-set approach
to more efficiently calculate adhesion. Handling of hair
collisions was processed using the previous method [35],
and the adhesion force Fadi is calculated using the following
equation under the condition that satisfies the level-set value
φ < 0 for collisions (see Equations 11 and 12).

Fadi = σimiυA (|φ| ∇φ |φ|) (11)

A (r) =

0.007
h3.25

(
−

4r2
h + 6r − 2h

)
|φ|

(12)

where σi represents the saturation of the hair particle, and υ

is a weight, which in this paper is set to 1,300. By adjusting
these values, the extent to which strands elongate due to
adhesion can be controlled. The form of the adhesion kernel
A (r) is designed to reflect themanner in which strands stretch
due to adhesion from saturation when wet curly hair come
into contact with an object.

E. DYNAMIC STIFFNESS IN WET CURLY HAIR
To represent curly hair, various constraint forces are included,
and the additional forces added to depict wet effects make the
simulation unstable. To mitigate these numerical issues and
stably represent curly hair, this section introduces a dynamic
stiffness method considering saturation. The stiffness model
is applied in two forms: one is a global stiffness, ξ , applied
to the entire hair, and the other is a saturation-considered
stiffness model, ζi. ξ is relatively easy to apply as a constant
(vi← viξ ), but the stiffness based on saturation is calculated
using Equation 13.

vi = viςi,where ζi = σiϒ0 + (1− σi) ϒ1 (13)

FIGURE 12. Comparison results with dynamic stiffness.

where vi and σi represent the velocity and saturation of the
hair particle, respectively, while ϒ0 and ϒ1 are the minimum
and maximum magnitudes of stiffness defined by the user.
In this paper, the value of ξ is set to 0.999995, and ϒ0 and
ϒ1 are set to 0.9999 and 1.0, respectively.

Figure 12 shows a scene in which a head with wet curly
hair is rotated left and right to experiment how the dynamic
stiffness proposed in this paper affects simulation stability.
While the previous method by Iben et al. [18] depicted
hair scattered by strong external forces (see Figure 12a),
our approach, which applies dynamic stiffness, effectively
represents the stiffness induced by saturation and also
improves the stability of the simulation against external
forces (see Figure 12b).

IV. SOLVER EXTENSIONS
In this section, we introduce a method to extend the solver
by training a neural network to represent wet curly hair,
as previously discussed: 1) Train artificial neural networks
to transform the geometry image of dry curly hair (strands
with applied cohesion, stiffness, and curl exaggeration)
into the geometry image of wet curly hair. 2) Considering
saturation, calculate a nonlinear transform that can convert
the 2D calculated geometry image of hair into 3D, thereby
restoring it to a 3D strand shape. 3) Finally, experiment
to determine whether it is possible to efficiently represent
wet curly hair based on learning representation by training
simple neural networks to learn the level-set-based adhesion
force expressed in the hair-solid interaction. As a result,
we build a dataset for wet curly hair using the simulation
techniques described earlier, demonstrating the capability
to easily represent the features of wet hair without the
need for complex mathematical or physical equations. The
neural networks are trained independently to infer cohesion,
stiffness, and curl exaggeration, and to infer adhesion from
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FIGURE 13. Learning representation overview.

wet hair particles. Training data undergoes preprocessing
suitable for learning before being applied to the network,
and after completion of training, the test results for each
model are visualized. As mentioned earlier, the irregular
distribution of particles in curly strands also affects the
learning representation, therefore training is carried out
according to the recently proposed previous method [36].

In this paper, we adopt a previous approach that applies
super-resolution (SR) to hair by converting only the root
particles of each strand into a geometry image and using a
nonlinear transform, rather than learning from all particles
of each strand [36]. The algorithm overview proposed in this
paper is shown in Figure 13. During the training stage, data
pairs consisting of dry and wet curly hair are created and
converted into geometry images for use in training with a
Convolutional Neural Network (CNN). In the run-time stage,
a CNN-based SR network is used to synthesize geometry
images composed of wet curly hair, and a nonlinear transform
is applied to reconstruct the hair data from 2D to 3D. The
detailed process will be further discussed in the following
subsections.

A. LEARNING FOR CURL EXAGGERATION AND HAIR-HAIR
COHESION
The proposed method generates a strand geometry image
that stores the positional information of other particles
relative to the fixed root particle (the first particle on the
strand) of the scalp hair. As mentioned in the previous
method, the movement of hair and fur is nonlinear, making
it difficult for conventional SR networks to fully capture
their motion, especially in the case of wet curly hair. In 2D
image space, the color exhibits continuity among neighboring
pixels, appearing as similar colors. Therefore, training all
particles’ positions of hair using a neural network can
lead to inaccurate movements due to noise. To alleviate
this problem, we propose a novel approach of applying a
nonlinear transform when reconstructing a 3D strand from
a 2D image. This method is similar to the approach of
Kim et al. [36], and in this paper we extend the solver by
generating geometry images and modifying the nonlinear
transform process to learn and represent characteristics of wet
curly hair such as cohesion and curl exaggeration.

FIGURE 14. Saturation state in a curly strand (p0: root hair particle, pN−1:
tip hair particle).

To mitigate the mentioned noise issue, this paper proposes
a solution that includes only the root particle of each strand,
considering its saturation, in the network training operations.
By focusing on the root particle, which serves as a repre-
sentative anchor point, the network training process becomes
more robust and less sensitive to pixel-level discrepancies.
Due to the nature of hair, the movement of the strands
is predominantly influenced by the root particle, which is
connected to the scalp. In this paper, the following equations
are used to calculate the geometric image of the strand (see
Equations 14 and 15): 1) A function γh→g that converts the
set of root particles of hair into a geometry image, where the
approximated position of the root particle, p̄, is calculated by
using weight values proposed in this paper. 2) A function
γg→h that performs the reverse operation, converting the
geometry image back into hair strand representations.

γh→g =
p̄− bmin

∥bmax − bmin∥
(14)

γg→h = crgbi ∥bmax − bmin∥ + bmin (15)

where p̄, bmin, and bmax represent the approximated position
of the root particle of the strand and the minimum and
maximum positions of the simulation space, respectively. crgbi
represents the color [r, g, b] obtained by converting a 3D
coordinate [x, y, z] to RGB. p̄ is calculated considering the
weight of saturation, and unlike the previousmethod that only
handles the position of the root hair particle [36], this paper
approximates the saturation of the root particle by taking a
weighted average of the entire saturation constituting each
strand.

Figure 14 depicts the saturation of a single strand,
illustrating that saturation can occur not only at the root
particle but also throughout other parts of the strand.
Consequently, in this paper, we calculate the saturation of
all the hair particles that make up the strand as follows to
calculate p̄ (see Equation 16).

p̄i = p+

∑
j ∇W

(
pi − psj

)
σj∑

jW
(
pj − psi , h

) (16)

where σj represents the saturation of the hair particle (σ ∈
[0, 1]). The equation ultimately simplifies to only considering
the position of the root particle in the case of dry hair, whereas
for wet hair (σ > 0), it uses the position of hair particles psi
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FIGURE 15. An example of a strand geometry image with γh→g: (a) 3D to
2D transform, (b) a strand geometry image obtained by calculation.

located in adjacent strands to calculate p̄, the approximated
position of the root particle as influenced by saturation.

By applying Equation 14, all root particles of the strand
can be transformed into RGB color space, resulting in a
smoothly represented geometry image that appears to have
a color gradation (see Figure 15). Consequently, since the
position of the root particle is calculated within the simulation
space defined by bmin,max , it is limited to values between
0 and 1. Figure 15b shows the color representation obtained
by multiplying the transformed coordinates (x, y, z) by 255.
In this method, the color is represented as integers for
visualization purposes only, while real values were used for
actual calculations.

B. NEURAL NETWORK
For training, we utilized a neural network technique from a
previous method [36], and in this section, we briefly describe
that process. After obtaining the data on the root particles
of the hair, indicated as

{
F0,F1, . . .

}
using physics-based

simulation, the method described in the previous section
is used to generate the geometry images for dry curly
hair, represented as

{
δ0d , δ

1
d , . . .

}
, and for wet curly hair,

represented as
{
δ0w, δ1w, . . .

}
. δ represents the strand geometry

image described above, and these images are divided into
patches before being fed into the training network. Given
the training data, the goal of this paper is to find a mapping
function f (x) that minimizes the loss between the predicted
values νs and the ground truth (GT) δw. The loss function used
in this paper is the Mean Squared Error (MSE) between the
predicted geometry image and the GT data. Our goal is to
minimize the value of νs = f (x).
In Super-resolution CNN (SRCNN) [37], the use of many

weighted layers requires a considerable amount of memory,
which limits the construction of deep networks. To alleviate
this issue, we use residual learning to train and test the
geometry image data of wet curly hair. The residual map
of the geometry image is calculated as follows: r = δw −

δd . In the original SRCNN method, the loss function is
1
2 ∥δw − f (x)∥. However, in this paper, since we aim to
predict the residual map, the final loss L is calculated using
Equation 17.

L (r, x) =
1
2
∥r − x∥2 (17)

FIGURE 16. VGG19 neural network structure (red arrow: residual process).

FIGURE 17. Restoring strand: (a) structure between target hair particles
and neighboring hiar particles, (b) structure between target hair particles
and neighboring saturations.

where r represents the residual, and x is the value obtained
from f (x). During network training, the loss layer used
to measure loss incorporates three components: residual
estimation, δw, and δd . The loss is calculated as the Euclidean
distance between the restored map and δw, where the restored
map is the sum of the network’s input map and output map.

The neural network is modeled on CNN and is structured
as depicted in Figure 16. This network architecture is
designed using a residual learning approach, where the
feature map obtained after the first convolution operation is
added back into the results of two subsequent convolutional
operations. This approach mitigates the error lost due to
convolution operations through residual learning. In this
paper, this process was repeated 10 times, with each
iteration performing two convolutions, resulting in a total of
20 convolution operations performed throughout the process.
Initially, the output of the first convolution is added, but
in subsequent iterations, the previous output is recursively
added. Subsequently, the size is increased by a factor of two
through upscaling, followed by four additional convolution
operations before completing the process. The resulting
geometry image of a strand obtained in this way is used to
represent wet curly hair.

C. NONLINEAR RECONSTRUCTION OF GEOMETRY IMAGE
TO HAIR
In this section, we describe the process of reconstructing 3D
hair from a geometry image. As mentioned earlier, due to
the nonlinear movement of hair, accurately representing wet
curly hair solely with a network-based approach is extremely
challenging. In the field of artificial intelligence, various
activation functions and Graph Neural Networks (GNNs) are
being chosen to tackle nonlinear problems. However, as we
have seen, noise can occur in the movement of hair particles,
which is why this paper uses a geometry image combined
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with a nonlinear transform to construct a super-resolution
(SR) process based on wet curly hair, thereby resolving this
issue. In this process, the upscaled geometry image obtained
through the network is used to generate the SR of wet curly
hair and also acts as a weight for representing nonlinear
motion.

In this paper, the super-resolution (SR) process involves
representing newly generated wet hair particles paired with
a geometry image and four input curly strands. Essentially,
the network generates one virtual strand per quad, each quad
consisting of four hair samples or input hairs. Consequently,
a quad-shaped network configuration is utilized to generate
one virtual strand for each set of four hair samples. The
particles of the new hair are computed as Equations 18 and 19.

p = p∗ +

∑N
i σ si ∇W

(
pi − psi , h

)
γ si

N
,where p∗ =

∑N
i p

s
i

N
(18)

γi =

∥∥∥c∗ − csj∥∥∥
N

(19)

In this paper, N represents the number of adjacent strands,
and given that hair strands are modeled in a quad shape,
it is set to 4. p∗, c∗, and σ si , respectively, denote the
average position of adjacent hair particles, the average color
of the geometry image, and the saturation. In the above
equations, γi is a weight used in the interpolation calculation,
which can be derived from the geometry strand image
computed by the network. Managing adjacent hair particles
appropriately is crucial in this process. Hair particlesmaintain
line-shaped connectivity information for each strand. Hence,
this paper uses the information on the particles from
adjacent hair strands, denoted as psi . Here, p

s denotes an
adjacent hair strand, and in this context, includes four
neighboring hair strands. Consequently, psi represents the ith
hair particle that constitutes the strand s. The formula utilizes
the geometry image associated with the root particle and
leverages the geometry information and saturation of adjacent
hair particles. In this process, σ si influences ∇W , which
means that higher saturation levels intensify the clumping
effect during the reconstruction phase.

Figure 17 illustrates the process described earlier, where
the green and yellow particles shown in Figure 17a represent
the adjacent hair particles and the hair particles generated
by the network, respectively. The small squares at the top
of the figure depict the colors of the strand geometry images
calculated from each root particle. Essentially, the movement
of the newly generated strand through super-resolution (SR)
is designed to be influenced by adjacent strands in the same
line. Furthermore, the saturation held by the adjacent hair
particles is also interpolated in a similar manner to determine
their positions (see Figure 17b). Real hair is affected by
physical interactions such as friction and cohesion with
neighboring strands. In this paper, we consider these factors
and reconstruct strands from the strand geometry images of
adjacent hair.

D. LEARNING FOR HAIR-OBJECT ADHESION FORCE
In this section, we introduce a method for learning the
representation of adhesion forces expressed in interactions
between wet hair and objects using a neural network. The
proposed model does not directly infer the velocity vi of the
hair particles for the current frame but rather uses artificial
intelligence to infer the adhesion force F∗adi of the hair
particles. The input feature vector includes four data points:
a flag indicating whether there is a collision between the
hair particle and the object, vi, φ, and Fadi , as well as
information about the directly connected particles pi+1 and
pi−1. Consequently, a total of 12 pieces of data per particle
are used as training data. Although the training data includes
all hair particles, only a small fraction of these particles
actually exhibit adhesion forces. Using these data as-is could
potentially bias the learning process, making it difficult
to accurately infer the adhesion forces of hair particles.
To mitigate this issue, the paper proposes equalizing the
number of particles that have experienced collisions with
those that have not, through a 1:1 sampling process. This
sampling aims to balance the data between the classes in
the classification model, preventing poor learning outcomes
due to imbalanced data counts. For example, if there are
350 particles that exhibit adhesion and 900 particles that
do not, we would adjust the number by randomly sampling
the 900 to match the 350, thus achieving a 1:1 ratio. This
balanced approach helps ensure more effective and fair
training outcomes for the neural network model.

Using the refined data from the process mentioned earlier,
we train a network to model hair particle adhesion (see
Figure 18). The hair-object adhesion network model is a
simple neural network consisting of five layers.We utilize the
Leaky ReLU activation function to enhance the model’s abil-
ity to learn nonlinearities effectively. For updating weights,
the cost function employed is the Least Squared Error
(LSE), which is commonly used for regression problems (see
Equation 20).

FIGURE 18. Adhesion network.

The training data is processed through a network archi-
tecture that begins with an input layer and is followed by
three hidden layers and an output layer. The first hidden layer
contains 6 neurons, the second has 5, and the third consists of
4 neurons. The output layer is designed to infer the adhesion
force, which is the final goal of the network. Adam was
used as the optimizer and a 9,000 epoch optimization was
performed. During this extensive training process, the loss

84526 VOLUME 13, 2025



J.-H. Kim, J. Lee: Porous Models for Enhanced Representation of Saturated Curly Hairs

TABLE 1. Details of the strand convolutional neural network architecture.

was measured at 0.15

L =
∑
i=0

∥∥∥Fadi −Mi

∥∥∥2 (20)

whereMi represents the output of the adhesion network. This
means that the network infers by applying the differences
in adhesion force to the cost function to update the weights
accordingly. After obtaining the adhesion force F∗adi for the
hair particle through the adhesion network, the position of the
hair particle is updated using Euler integration.

E. IMPLEMENTATION DETAILS
1) CURLY HAIR DYNAMICS
The experiments detailed in this paper leveraged a robust
computing environment: an Intel i7-7700k CPU at 4.20GHz,
32GB of RAM, and an NVIDIA GeForce GTX 1080 Ti
Graphics Card. The dynamics of curly hair was simulated
and accelerated using a GPU-based approach from a previous
method [18], allowing the generation of data representing
both straight and curly hair. Additionally, the USC-HairSalon
dataset was utilized to represent a variety of hairstyles,
enhancing the diversity and realism of the simulations.
To implement solid-hair collision handling, a level-set-
based collision detection and response technique [35] was
employed. Using the techniques mentioned above, the
necessary data was collected and, on the basis of these data,
both the training and testing phases were conducted.

2) VGG19 NETWORK ARCHITECTURE FOR SOLVER
EXTENSIONS
We utilized a neural network to learn the strand geometry
image and proposed a method to transform the inferred
geometry image into a 3D hair strand using a nonlinear
transformation, thus effectively representing wet curly hair.
The hyperparameters chosen for the training process were
meticulously selected to optimize the learning outcomes: the
network architecture was designed with a batch size of 128,
a learning rate of 1e-4, and a stride of 1. In this research,
we used the VGG19 neural network architecture to design
our network. The details of developing the VGG19 network
will be elaborated in this section. The VGGNet model is
structured in two major phases: the VGG network and the
reconstruction phase. For example, if we consider an input

image as a 3-channel image with a resolution of 128 × 128,
the input x would be represented as follows: x (128, 128, 3).
ConvNet1, as previously described, consists of two Con-

vNet layers, using weights of size (5× 5× 64) and biases of
64. The output dimensions of ConvNet1 are (64× 64× 64)
in terms of width, height, and depth. The activation function
used here is ReLU. The output from ConvNet1 serves as the
input to ConvNet2, allowing for a sequential and structured
flow of data through the network. The general architecture of
the VGGNet model is depicted in Figure 19. In this figure,
the labeling such as ‘‘ConvNet 1-2’’ indicates that ConvNet1
is composed of two ConvNet layers, and ‘‘ConvNet 5-4’’
indicates that ConvNet5 consists of four ConvNet layers.

FIGURE 19. Strand convolutional neural network architecture (input:
x(128,128,128), output: x(4,4,512), [weight][bias], #x(width,height,depth)).

The reconstruction phase involves restoring the output of
the VGG network using transpose convolution operations
(see Figure 20). Detailed specifications from ConvNet r1
to ConvNet r7 during the reconstruction phase are set as
indicated in Table 1. The input to the neural network is half
the size of the original map. Future additions to this reduced
map, particularly the residual map, are scaled up to match the
output size of the reconstruction, ensuring consistency and
continuity in the final image dimensions. This network was
implemented using TensorFlow [38] and the Adam optimizer
(Adaptive Moment Estimation) is used.

3) NONLINEAR TRANSFORM
Nonlinear transform is required when converting a 3D hair
strand into a 2D geometry image and reconstructing it
back to a 3D strand. In the reconstruction process of the
geometry image, which has undergone the SR step, into 3D
spatial data, unlike previous cloth simulation [44], [45], hair
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FIGURE 20. Feature reconstruction (input: x(4, 4, 512), output:
x(256, 256, 3)).

exhibits elastic movement per strand and is also influenced
by the motion of surrounding hair particles. The nonlinear
transform reconstructs 3D positions from the geometry image
by considering not only the nearest neighbor information of
hair particles but also the positions of hair particles whose
strand root positions are close. Without this process, noise in
the hair particles may lead to entangled movements. In this
study, we adopt a nonlinear transform process previously
shown to successfully represent hair through learning-based
methods.

V. EXPERIMENT AND RESULTS
In our study, we proposed methods to reliably represent the
porous flow of wet curly hair caused by saturation, including
mechanisms such as hair-hair cohesion, hair-object adhesion,
curl exaggeration, and dynamic stiffness, all of which
perform well even in curly hair simulations. Additionally,
we extend the solver to enable the learning representation
of these phenomena through artificial intelligence. The
proposedmethods are designed to enhance both the efficiency
and visual quality of the hair simulations. To validate the
effectiveness of our proposed methods, several scenarios
were tested, examining the results from both simulation and
artificial intelligence perspectives.

A. SIMULATION RESULTS
In this section, we will analyze the results produced by the
simulation techniques proposed in this paper and compare
them to previous methods to evaluate their superiority.

Figure 21 illustrates a comparison between dry curly hair
and wet curly hair. Our method distinctly captures the effect
of the increased weight of wet curly hair, which results in
a more pronounced drooping effect compared to dry hair,
and also accurately represents the cohesion among strands.
In particular, the method enhances the curly shape when
the hair is wet, which is more pronounced because of the
exaggerated curly motion proposed in our paper.

Figure 22 shows the results of simulating wet curly hair
using our method as the head rotates side to side. In the
case of dry curly hair, the curly shapes of the strands are
maintained not only by constraint forces, but also, as the head
rotates sideways, the dry strands disperse due to gravity (see
Figure 22a). In contrast, our method effectively represents

FIGURE 21. Quality comparison between (a) dry hair and (b) our method.
Rainbow color(red: strong saturation, blue: weak saturation) represents
the saturation of wet hair (scene1).

the characteristics of wet curly hair, which do not scatter
even when rotating side to side, due to saturation-induced
clumping among the strands.

Figure 23 displays the results of wet curly hair simulations
created using previous methods in the same scene. The
work of Lin [2], [3] demonstrated that the cohesion forces
expressed in curly hair appeared unstable, leading to unstable
simulation results when applied to curly hair rather than
straight hair. In contrast, the method by Kim et al. [6]
improved stability but exhibited tremulous motions in the
simulation, which ultimately failed to accurately represent the
cohesion observed in wet hair.

Figure 24 shows the results of simulating wet curly hair
using our method as the head rotates from side to side.
This demonstrates our method’s stability in preventing the
hair from tangling, not only in static scenes but also under
dynamic conditions.

Figure 25 shows the results of the experiments carried out
on short hair. Compared to dry hair, our method not only
demonstrates the cohesion and curl typical of wet curly hair,
but also shows a clear distinction in visual quality in the
rendering results when compared to dry hair.

As previously mentioned, our method can reliably rep-
resent wet features not only in straight hair but also in
curly hair. Figure 26 presents the results of comparing curl
exaggeration between dry and wet strands in long curly hair.
Using our method, wet curly hair exhibits pronounced shape
exaggeration due to the use of weights based on helix. Users
can modify the weight wh to control the influence of the helix
model.

Figure 27 shows how the shape of wet curly hair varies with
changes in the saturation area and magnitude. In Figure 27a,

84528 VOLUME 13, 2025



J.-H. Kim, J. Lee: Porous Models for Enhanced Representation of Saturated Curly Hairs

FIGURE 22. Quality comparison between (a) dry hair and (b) our method (scene3).

FIGURE 23. Wet curly hair simulations generated using the previous
methods.

FIGURE 24. Turning head from side to side (scene2).

the saturation of all the strands is set to maximum for the
experiment, showing wet curly hair with a more pronounced
curly form compared to dry curly hair. In Figure 27b, the
saturation is relatively stronger at the tips of the strands
than at the roots. In this figure, the effects of curl and
clumping are applied more subtly than in Figure 27a. Since
the tips are more saturated, the areas near the roots maintain
characteristics closer to the original form of the hair, resulting
in curly wet hair that still resembles the original length

FIGURE 25. Quality comparison between (a) dry hair and (b) our method
(scene4).

FIGURE 26. Quality comparison (only curl exaggeration) between (gray)
dry hair and (yellow) our method (scene5).

of the hair compared to Figure 27a. Figure 27c displays a
scene where wetness is more pronounced at the root than
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FIGURE 27. Change of wet curly hair according to saturation area and
magnitude (inset image). The left and right images show dry and wet hair,
respectively (scene6).

at the tip. Because wet curly hair is expressed near the root,
clumping effects are more prominently displayed in strands
near the forehead and the left ear. Our method stably applies
wet curly hair based on saturation, and to more naturally
represent tangled strands in wet hair, jitter can be added to the
saturation. Figure 27d shows results with random added jitter,
which presents an additional appearance of tangled strands
compared to previous results.

In Figure 28, our method was applied to test the
morphological characteristics of a single curly strand in both
its wet and dry states. Figure 28a displays the dry curly strand,
which fundamentally maintains its curly shape throughout
the length range of approximately (2∼10,0∼40,33∼40).
When our method is applied to wet curly hair, as shown in
Figure 28b, not only is the curl more pronounced compared
to Figure 28a, but there is also a visible length contraction
characteristic of wet curly hair. The total length of the wet
curly strand is (2∼8,0∼30,34∼44), and comparing the values
of the Y -axis indicates that the length of the dry curly strand
has been reduced by approximately 25%.

Figure 29 presents the results of experiments that tested
the adhesion resulting from the interaction between wet curly
hair and a solid sphere. Our method effectively represented
adhesion effects stably even without the boundary particles.
Figure 29a shows the encounter between the sphere and the
dry curly hair, where the tips of the strands are displayed
without any adhesion effects. However, in Figure 29b, the
adhesion causes the tips of the strands to stretch significantly.

FIGURE 28. Shape comparison between dry hair and our method
(scene7).

FIGURE 29. Scene with collision of low-resolution wet curly hair and
sphere moving up and down (scene8).

The boundary particles approach efficiently handles the issue
of objects passing through the boundary particles, and our
method performs well not only in maintaining the wet curly
shape but also in expressing adhesion, thus ensuring stable
performance in both curly and straight hair types.

Figure 30 shows the results of experiments carried out
at high resolution considering only adhesion. Our method
effectively represented the shape of adhesion-induced wet
strands even at high resolution in wet curly hair. In these tests,
wet curly hair that collided with a sphere spread less widely
compared to dry hair (see (A) in Figure 31), whereas dry hair
spreads more broadly upon collision (see (D) in Figure 31).
The actual width ratios were measured as 700 for (A) and
770 for (D) (see Table 2). (B) shows a clear representation
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FIGURE 30. Scene with collision of high-resolution wet curly hair and sphere moving up and down (scene9).

FIGURE 31. Changes in the shape of a strand expressed by the cohesion of wet curly hair.

TABLE 2. Analytics table for Figure 31.

of the shape of wet curly hair due to adhesion, with the
hair stretching upward due to strong adhesion at the top
(see (B) in Figure 31), while the dry hair does not stretch
upward because it shows no adhesion (see (E) in Figure 31).
The actual height ratios were 1030 for (B) and 900 for (E),
indicating that the strands stretched upward (see Table 2).
In this scene, not only does the strand stretch due to adhesion,
but the angle between the adhered and non-adhered sections
is distinctly different compared to dry hair (see green arrow
in (B)). The actual angles were 70◦ for (B) and 115◦ for (E),
clearly showing the features of the hair due to adhesion (see
Table 2). As adhesion weakens, the angle slightly relaxes,
but the stiffness and curl exaggeration due to saturation are
maintained. As shown in the measured results, our method

showed a smaller angle and a higher height compared to dry
hair when adhesion weakened. These features confirm that
the hair stretched by saturation and adhesion is maintained,
whereas in dry curly hair, it spreads widely without these
characteristics. In summary, as seen previously, our method
not only captures the characteristics of wet curly hair but also
stably represents cohesion, adhesion, and curl exaggeration
in interactions with solid objects.

Figure 32 presents an experiment that involves the interac-
tion between an air field and wet curly hair. While previous
tests assessed the stability of wet curly hair representation
under various external forces, this scene tests whether our
method can effectively represent the characteristics of wet
curly hair when interacting with an air field calculated using
theNavier-Stokes equation. The air field was calculated using
the Stable Fluids solver [39], with a simulation grid resolution
of 64 × 64×64. The wet curly hair rendered by our method
maintained its curl and cohesion due to saturation without
unraveling, even as the strands moved in response to the air
field interaction (see Figure 32).

B. LEARNING RESULTS
In this section, the results produced by extending the
simulation method with a neural network solver are pre-
sented.We examine whether the learning-based approach can
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FIGURE 32. Interaction of an air field with wet curly hair. The arrow
indicates the direction of the air field, and the size/color is the magnitude
of the air field, expressed as a rainbow color depending on the
magnitude (scene10).

FIGURE 33. Simulating wet curly hair with our learning representation
(gray: dry, color: wet).

FIGURE 34. Various styles of wet curly hair with our learning
representation (gray: dry, color: wet).

represent wet curly hair at a level similar to the results shown
previously.

Figure 33 shows the results of representing wet curly hair
using our method extended with a neural network solver. Our
method effectively expresses cohesion and curl exaggeration
compared to dry curly hair, and it performs well not only at
low resolution, but also at high resolution.

Figure 34 shows the results of simulating various styles
of wet curly hair through learning representation. Similarly
to the previously shown results, the method effectively
represents wet features compared to dry curly hair, even
using a neural network. In particular, the curly form observed
at the tips of the wet strands is exaggerated, showing the
cohesion effect well. Due to higher saturation at the tips
of the strands, they are represented more prominently than

FIGURE 35. Interaction of wet curly hair and a solid using our learning
representation (scene15).

FIGURE 36. Quality comparison between (a) dry hair and (b) our method
based on learning representation (scene16).

FIGURE 37. Results of wet hair under different levels of wetness.

other parts, making the difference compared to dry curly hair
clearly evident.

Figure 35 shows the results of representing adhesion
through learning representation when a solid interacts with
wet curly hair. When the strands touch the surface of the
sphere, they adhere to it, and as the sphere moves downward,
the strands stretch downward because of the adhesion force.
If the sphere moves downward beyond the force maintaining
adhesion, the adhesion becomes stronger, and the curls are
represented relatively weakly.

Figure 36 shows the results of representing wet curly
hair by learning representation on short hair. The wet
features were well represented even in short hair. The
curl shape appeared to be more pronounced in short hair
compared to long hair (see inset image in Figure 36). This
characteristic was not observed in other scenes and can
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FIGURE 38. Results of wet hair under different levels of adhesion.

be controlled by saturation. In addition, when measuring
only the inference speed, the performance was sufficient
for real-time processing, as shown in Figure 36b, where
inference alone achieved 50 FPS. However, since factors such
as scene complexity and hairstyle can affect performance,
further optimization is considered necessary. The execution
times measured for results generated via neural networks
include the wet curly hair simulation process, which naturally
incurs additional time. As previously explained, the learning
representation simultaneously learns the difference between
the geometry images of dry and wet curly hair and the
SR process to obtain weights, which are then used for
3D reconstruction. Thus, the system is not executed as
a fully learning-based model. Real-time and interactive
applications generally target over 30 FPS, while games aim
for over 60 FPS, and VR applications require over 90 FPS;
therefore, the proposed learning model still needs further
improvement.

Figure 37 shows the results of wet hair rendered under
varying wetness levels. Figures∼37a and 37b all represent

wet conditions, with Figure 3b exhibiting the highest wetness.
To represent different wetness levels, one can adjust the value
of σ and the range of neighboring hair particles j used in
computing pwi .
Figure 38 presents the results of wet hair rendered under

different adhesion levels. Both Figures 38a and 38b represent
wet conditions, with Figure 38a exhibiting the strongest
adhesion. To depict varying adhesion levels, one can adjust
the magnitude of υ used in the calculation of Fadi .

Figure 39 shows the results of wet hair rendered under
different stiffness levels. Both Figures 39a and 39b represent
wet conditions, with Figure 39a exhibiting the highest
stiffness. To represent results under varying stiffness levels,
one can adjust the values of ξ and ϒ used in the calculation
of Fai d .

VI. DISCUSSION
Figure 40 is a chart that measures the performance of the
results created using simulation and the learning representa-
tion. In the case of dry hair, the computational load is not
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FIGURE 39. Results of wet hair under different levels of stiffness.

TABLE 3. Scene configuration and performance.

significant. However, the proposed method adds a relatively
large computational load because it needs to calculate
clumping and cohesion for each strand due to saturation even

without external forces. Figure 40(l) shows the results created
using the learning representation, where the same scene took
an average of 1.084 seconds in the simulation results, but
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FIGURE 40. Comparison of execution times.

TABLE 4. Comparison of computational complexity.

TABLE 5. Comparing calculation times for dry and wet curly hairs (our mthod based on learning representation).

improved to 0.36 seconds with the learning representation,
enhancing the performance by approximately 3 times. Table 3
presents the configurations and corresponding analysis
results for each scenario experimented with in this paper.
The computational time was measured for the minimum,
maximum, and mean for each scene, and the standard
deviation (SD) was also calculated. As shown in the table,
the SD for dry curly hair was smaller as it approached
the equilibrium state, whereas the SD for wet curly hair
was relatively larger due to the continuous calculation
of cohesion caused by saturation. Table 5 compares the

computation times between our simulation-basedmethod and
dry curly hair. Our method increased the computation time by
approximately 10∼50% compared to traditional methods due
to the additional process needed to represent the wet strands.

A. LIMITATION
However, there are some limitations. Firstly, to represent
cohesion stably in curly hair, adjacent strand particles are
considered. If the search range h is too small, cohesion
is weakly applied, resulting in unsightly wet strands.
In contrast, if h is too large, the computational load increases.
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This characteristic also affects the learning representation.
Secondly, the results represented through the learning
representation were not as robust as the simulation results
in some scenes. Especially in scenes with strong external
forces, there were issues with cohesion breaking apart. This
limitation needs to be addressed by using more powerful
neural networks or deep learning techniques.

As shown earlier, the proposed method performs stable
wetting even on curly hair and represents clumping forces
more reliably than previous methods. Moreover, by using a
level-set approach tomodel adhesionwith solids, it efficiently
captures the adhesion effect observed in wet hair without
requiring explicit boundary particles. However, several
limitations still remain.

1) Curly hairstyles vary in intensity, including forms such
as tightly coiled hair. However, this study focuses on
the types of curly and straight hair typically handled
in conventional hair simulation, and does not cover
coiled hair. To include coiled hair, the hair dynamics
would need to bemodeled differently. Since themethod
proposed by Wu et al. can handle highly coiled hair,
we plan to extend our algorithm to incorporate their
approach in future work [40]

2) Our method computes the algorithm within a
sub-iterative solver to calculate cohesion and adhesion,
which are essential for representing wet curly hairs.
This is necessary because the drooping behavior of
curly strands when wet, along with cohesion and
adhesion, must be expressed simultaneously with the
curly shape. In this study, the number of iterations
was set to 10. However, this approach reduces GPU
efficiency, and future work should focus on optimizing
themethod to represent wet curly hair without requiring
sub-iterations.

3) To represent stable cohesion, our method computes
a new position, pwi , for visualizing wet hair. Instead
of integrating forces over time to update positions—
as done in traditional dynamics—we directly compute
pwi in a manner similar to PBD to represent saturated
curly hair, even under dynamic motion. This approach
ensures stable wetting effects without noticeable jitter.
However, it remains difficult to capture the curls
formed by entangled wet strands. We believe that
incorporating this phenomenon in future work could
further enhance the detail and realism of wet hair
simulation.

B. ALGORITHMIC COMPLEXITY
The algorithmic complexity of the self-cohesion proposed
in our method involves energy computation with respect to
neighboring particles and proceeds through the following
steps:

1) A neighbor search is performed to identify hair
particles adjacent to each hair particle.

2) Using the distances between neighboring particles, the
wet hair position pwi is computed. In this process,

an isotropic kernel function W (r, h) is used to com-
pute weights, and depending on the physical model,
quantities such as kinetic energy and elastic energy are
calculated.

The energy computation itself has a complexity of O(k),
where k is the number of neighboring hair particles. Since
k is typically limited to around 20∼50, it is treated as
a constant, making the energy computation for each hair
particle effectively O(1). However, the overall complexity is
dominated by the neighbor search process, which takes O(N )
or O(NlogN ) depending on the spatial data structure used.
Thus, the total computational complexity is determined by
the neighbor search.

Considering the entire hair particle system:

• Neighbor search: O(N ) using a uniform grid or
O(NlogN ) using a Kd-tree.

Therefore, the final computational complexity for the
entire system is as summarized in Table 2.

The level-set-based hair-solid adhesion proposed in our
method involves computing the solid’s level-set, which
proceeds as follows. A Signed Distance Field (SDF) is
constructed using a voxel grid, where the 3D space is
discretized and distances to the nearest surface are computed.
Typically, methods such as the FastMarchingMethod (FMM)
or Fast SweepingMethod (FSM) are used. The complexity of
this preprocessing step is O(M ), whereM is the resolution of
the grid. Since SDF generation is generally performed as a
one-time preprocessing step, it only incurs this O(M ) cost if
real-time updates are not required.

To calculate hair-solid adhesion, each particle must sample
the SDF value. In the case of a uniform grid SDF, trilinear
interpolation is used, and its computational complexity is
O(1) (per interpolation operation for each hair particle). Next,
using the sampled SDF value φ, adhesion force is computed,
and this process requires ∇φ to calculate the force direction,
which also has a complexity of O(1) (simple calculation per
particle). If the SDF is for a single solid, each hair particle
only needs to sample once, so the total complexity is O(N ).
However, if multiple solids exist, the SDF of the closest solid
must be selected, resulting in additional search cost. The
search cost is O(logS) (where S is the number of solids).
In conclusion, the computational complexity of adhesion
force calculation per hair particle is O(1), and for the entire
hair system, it becomesO(N ) (in the case of a single solid) or
O(NlogS) (in the case of multiple solids).

C. DIFFERENCE BETWEEN LEVEL-SET-BASED ADHESION
AND PARTICLE-BASED BOUNDARY HANDLING
One of the main advantages of the boundary particle method
used in particle-based fluids is that it integrates fluid sim-
ulation and boundary handling into a unified particle-based
framework, making it highly efficient on GPU architectures.
However, this method also has several drawbacks. In SPH,
symmetric forces are not always accurately computed
near boundaries, leading to unstable pressure estimations.
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FIGURE 41. A single particle flowing down an inclined plane
approximated by boundary particles.

Therefore, one of the primary goals is to approximate the
solid boundary using particle structures similar to fluid
particles so that symmetric forces can be correctly calculated.
Boundary particles must be sampled across the entire object
surface, significantly increasing their number. Moreover,
when the velocity of fluid particles is high, tunneling prob-
lems may occur. To address this, multiple layers of boundary
particles or adaptive time-stepping is often employed. Yet,
such solutions make simulation handling more complex
and require smaller time-steps, which in turn increases
computation time. To overcome these limitations, our method
employs a level-set approach that allows for preprocessing
to express adhesion effects. Thanks to this preprocessing,
adhesion can be represented with near real-time performance
during execution, making it suitable not only for hair and fur
simulations but also for broader interactive applications.

D. BALANCING REALISM AND COMPUTATIONAL
EFFICIENCY
The approach used in this study is not limited to static
scenes or straight hair but aims to stably represent wetting
effects in curly hair even in dynamic scenes. To robustly
handle the cohesion process caused by saturation, the target
positions where cohesion occurs are directly computed in a
manner similar to PBD, rather than being integrated from
forces. As this method does not require time integration
or velocity, it is not only stable but also computationally
efficient; however, the lack of time-dependent numerical
integration may lead to a slight loss in accuracy.

Hair-solid adhesion is handled using a volumetric data
structure based on the level-set, allowing for pre-processing
and requiring only sampling during the online stage, which
ensures real-time performance. However, if the solid is
a deformable body, the level-set must be recalculated at
every timestep, potentially reducing efficiency. This issue
is not unique to our method and also arises when using
boundary particle approaches. In particular, spherical bound-
ary particles often fail to represent smooth motion on the
surface, resulting in bouncing artifacts. To address this issue,
some studies have proposed constructing density maps on
SPH boundaries for improved collision handling [43] (see
Figure 41). In this study, although post-processing is required,
we designed hair-solid adhesion using a level-set method
that eliminates noisy motion from boundary particles and
guarantees real-time performance during the online process.
However, this approach requires storing the level-set field in
memory, which may lead to increased memory usage.

E. REAL-WORLD APPLICATIONS
The technique developed in this study for stably representing
adhesion and cohesion in wet curly hair can play a significant
role across various fields, which we explain in detail as
follows.

1) In the film and animation industry, the proposed
technique can contribute to achieving realistic hair
simulation. In particular, naturally representing the
adhesion and tangling behavior of wet hair strands—
an aspect that has been challenging with conventional
methods—can be effectively addressed using our
approach. This allows for more realistic reproduction
of hair textures and can be applied in CG-based films,
3D animations, commercials, and VFX production
workflows.

2) In the game industry, the proposed technique enables
realistic physical representation of character hair.
In particular, simulating hair behavior under rain or
underwater conditions has been difficult to achieve
naturally with conventional simple physics-based sim-
ulations. By applying the method proposed in this
study, more refined hair motion can be realized even
in real-time rendering environments. This enhances
the overall immersion of the game and maximizes the
vividness of the characters.

3) In the virtual fitting and beauty industry, the proposed
technique can be applied to hair styling simulation.
For example, by integrating this technology into
virtual hairstyling apps or beauty software, it becomes
possible to more accurately predict shape changes of
wet hair and the natural persistence of curls. This can
be particularly useful for hairstylists when planning and
designing hairstyles.

4) The proposed technique can also be utilized in VR/AR
technologies. For instance, it can be applied to ensure
that a character’s hair in VR-based interactive content
responds naturally according to physical laws. This
enhances the realism of the user experience and con-
tributes to the development of high-quality immersive
content.

F. SYNTHETIC DATA GENERATION
In this study, data were synthetically generated through
physically-based hair simulation. To compute the dynam-
ics of curly hair, we adopted the method proposed by
Iben et al. However, due to the nonlinear motion of 3D
strands, we generate synthetic data by converting geometric
information into geometry images for efficient learning.
A geometry image pair corresponding to dry and wet curly
hair is constructed, and a learning step is performed to find
the weight values between them. Super-resolution (SR) is
applied to represent high-resolution hair, and a nonlinear
transform is used to reconstruct 3D strand data from the
geometry image. The network model is structurally similar
to a previously successful learning-based hair representation
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TABLE 6. Comparison of technical elements between previous methods and our method.

framework [36], and it is extended here to handle wet hair.
Geometry images are used in the hair-hair cohesion process,
but not in hair-object adhesion.

G. EXTENDING TO TRIANGULAR MESH BASED HAIRS
Some studies in physically-based simulation have already
explored methods for reconstructing 3D data using geometry
images [44], [45], [46]. A common feature of these studies
is the encoding and decoding of all positional information
into 2D geometry images. However, when there are large
color differences between adjacent pixels in a geometry
image, the reconstructed vertex positions can be significantly
affected. Due to this issue, previous studies have encountered
difficulties in generalizing across various scenes and often
compensated using different data structures. Although our
method is fundamentally designed based on a quadrilateral
structure, it can be extended to triangular meshes. When root
particles are generated in a non-rectangular shape, a param-
eterization process is required, and various techniques have
been proposed to address this. The As-Rigid-As-Possible
(ARAP) method allows the generation of geometry images
even for non-rectangular shapes, which was experimentally
validated in the work of Chen et al. [44], [45]. In this study,
we applied this approach to generate virtual strands based on
neural networks when three root particles form a triangle.

H. TECHNICAL POINTS NOT CONSIDERED IN PREVIOUS
RESEARCH
This section compares five techniques closely related to our
method, focusing on the technical limitations of previous
methods and how these limitations affect the simulation of
curly hair.

Rungjiratananon et al. [1] proposed a grid-based approach
to simulate the physical motion of wet hair. In this method,
individual water droplets are represented as particles, and
their motion is calculated by considering the adhesive
properties of hair. Smoothed Particle Hydrodynamics (SPH)
was used to compute fluid dynamics between droplets,
and implicit Euler time integration was adopted to ensure
simulation stability. This method successfully simulated the
natural behavior of water flowing along the hair when
wet and the gradual shape change as hair dries. However,
due to the use of implicit integration, the computational
cost is significantly high. Furthermore, detailed hair-water
interaction characteristics were not fully captured. They

primarily targeted static scenes, making it difficult to
accurately simulate fast hair motion or strong wind effects,
and it was designed under the assumption of straight hair only.

Lin [2], [3] modeled water diffusion within hair using
SPH-based fluid simulation. They treated hair as a porous
medium and applied the concept of anisotropic permeability,
allowing water to flow more easily along the fiber direction.
This method also modeled wetting and self-adhesion of
hair due to saturation and reproduced the cohesion effects
among wet hair strands using an SPH-based adhesion model.
However, this approach also assumed only straight hair.
Unlike the previous method, it extended the simulation to
underwater scenarios and effectively illustrated hair motion
in submerged conditions, but it primarily focused on static
scenes.

Lenaerts et al. [20] proposed a two-way coupling method
for simulating materials and fluids interacting through porous
deformable media. They reinterpreted Darcy’s law within
the SPH framework to simulate both fluid and deformable
objects. While most of their results focus on deformable
bodies and this method is applicable to cloth simulation, it is
difficult to apply directly to strand-based structures such as
hair.

Kim et al. [6] proposed a method for efficiently and stably
representing hair clumping effects using SPH-based surface
tension. Notably, they demonstrated that clumping effects
remained stable across various dynamic scenes, such as a
rotating sphere, running horse, head-banging, and jumping
motions, rather than just static scenes. However, all target
objects in their study were limited to straight hair or fur.

Fei et al. [5] proposed a multi-scale model capable of
capturing the detailed characteristics of wet hair. To solve
the motion of liquid along hair strands, they introduced
a reduced-dimensional liquid model that accounts for the
moving reference frame and the influence of hair dynamics.
They also derived a model that faithfully reflects cohesion
effects induced by surface tension, based on the geometric
structure of liquid bridges formed between hair strands.
To handle macroscopic interactions between hair and sur-
rounding fluids, they adopted an experimentally validated
drag model and proposed a novel volume-conserving strategy
for liquid dripping and absorption. This method enables
liquid motion using a reduced-dimensional model combined
with a particle-cell framework. While these techniques were
demonstrated in dynamic scenes such as hair flipping,
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animal fur drying, spinning car wash roller brushes, and
hair coalescence effects, the model was primarily designed
for straight hair, and thus the unique characteristics and
simulation stability of curly hair were not addressed.

Lee et al. [47] proposed a novel framework for hair-water
interaction using a tetrahedral volume mesh. After embed-
ding the tetrahedral mesh, they animated the hair by
deforming it according to a kinematically skinned mesh.
Their approach included methods for storing porosity within
the kinematic mesh and applying drag and adhesion forces
through the kinematically deformed structure. However, most
of their experiments were conducted in static scenes, and their
method focused solely on straight hair or fur.

The aforementioned methods have proposed various
hair-water interaction techniques, but most of them focused
only on straight hair or conducted experiments limited to
static scenes. As a result, they are difficult to generalize for
use with curly hair in more dynamic or diverse environments.
Furthermore, when the subject shifts from straight to curly
hair, force instability issues arise, making wet hair simulation
more challenging, as discussed in the problem statement. This
method proposed in this study addresses these challenges
efficiently, and a comparison with previous methods is
summarized in Table 6.

I. EVALUATION OF KINETIC/ELASTIC ENERGY
DIVERGENCE
The numerical stability addressed in this study has been
explained in the problem statement. When transitioning from
straight hair to curly hair, numerical instability arises due
to the curly geometry, causing noisy forces, and ultimately
resulting in jittery movements of strands during simulation.
Particularly in curly hair, simulations either fail to converge
(see Figure 2b) or exhibit significant jitter due to noise
in the positions of hair particles (see Figures 2c, 3, 4,
and 5). The primary cause of this issue is numerical
instability during the calculation and propagation of forces.
To demonstrate convergence and numerical stability, this
section performs an Energy Stability Test on theMass-Spring
system to verify whether energy is conserved or stably
damped. Although numerical instability visibly manifests
in previous methods, our approach quantitatively evaluates
stability through energymeasurements. Here, the total energy
E is computed from kinetic energy (Ek =

∑ 1
2mv

2) and
elastic energy (Ep =

∑ 1
2k(x − x0)): E = Ek + p. A con-

vergence test assessing the time-dependent energy variation
was conducted to confirm whether the energy remains stable
as the simulation progresses. While the previous methods for
wet curly hair, which included noticeable visual noise, all
demonstrated unstable or divergent patterns, our proposed
method exhibited a stable pattern without abrupt energy
fluctuations.

J. REASON FOR USING THE VGG19 ARCHITECTURE
The proposed method in this study is not restricted to
using only the VGG19 architecture. We employed VGG19

because it has been successfully applied in similar hair
simulation research in previous work [36]. VGG19 allows
for stable training due to its relatively simple yet deep
architecture, effectively extracting fine details using small
filters. Additionally, its comparatively simpler network
structure makes it more efficient than ResNet or Inception.
ResNet, on the other hand, enables stable training of deeper
networks than VGG19 and mitigates the vanishing gradient
problem through residual connections. Inception employs
multiple filters of varying sizes simultaneously, and Effi-
cientNet provides high performance with fewer parameters.
Therefore, the choice of each network architecture may yield
different trade-offs in terms of computational efficiency and
quality. Nevertheless, considering experimental results across
various scenarios, VGG19 demonstrated themost satisfactory
balance between quality and efficiency and has shown strong
performance in prior studies, leading us to determine it as the
most appropriate choice.

VII. CONCLUSION AND FUTURE WORK
In this paper, we proposed a simulation technique that
efficiently models the cohesion, adhesion, and stiffness of
the strands, which are difficult to stably represent in wet
curly hair, and a learning representation technique using
this simulation method. In wet curly hair, the uneven
distribution of forces leads to noisy movements, making it
challenging to stably represent cohesion, adhesion, and curl
shape. To address this issue, we proposed the following
methods: 1) curl exaggeration using a local-transformed
helix, 2) deformation-based cohesion that operates stably
even inwet curly hair, 3) level-set-based adhesion to represent
the stickiness and elongation of wet hair, and 4) dynamic
stiffness to improve simulation stability, 5) collecting a
synthetic dataset of detailed curly hairs and extending the
solver to represent the movement of particles in wet strands
through learning representation. We tested our proposed
methods in various scenes and confirmed that wet curly
hair was well represented in both simulation results and the
learning representation. In the future, we plan to simulate the
physical phenomena of strands undergoing state changes due
to heat or freezing and to extend the algorithm to address the
aforementioned limitations.
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