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Abstract—In this work, we propose a stroke-based hairstyle edit-
ing network, dubbed HairstyleNet, allowing users to conveniently
change the hairstyles of an image in an interactive fashion. Different
from previous works, we simplify the hairstyle editing process
where users can manipulate local or entire hairstyles by adjusting
the parameterized hair regions. Our HairstyleNet consists of two
stages: a stroke parameterization stage and a stroke-to-hair gener-
ation stage. In the stroke parameterization stage, we first introduce
parametric strokes to approximate the hair wisps, where the stroke
shape is controlled by a quadratic Bézier curve and a thickness
parameter. Since rendering strokes with thickness to an image is
not differentiable, we opt to leverage a neural renderer to construct
the mapping from stroke parameters to a stroke image. Thus, the
stroke parameters can be directly estimated from hair regions in a
differentiable way, enabling us to flexibly edit the hairstyles of input
images. In the stroke-to-hair generation stage, we design a hairstyle
refinement network that first encodes coarsely composed images
of hair strokes, face, and background into latent representations
and then generates high-fidelity face images with desirable new
hairstyles from the latent codes. Extensive experiments demon-
strate that our HairstyleNet achieves state-of-the-art performance
and allows flexible hairstyle manipulation.

Index Terms—Hairstyle editing, hairstyle transfer, parameter-
ized hair strokes, stroke-controllable.

1. INTRODUCTION

UMAN hairstyles play an important role in depicting

personal characteristics and can improve the image of
a person. Editing the hairstyle of a portrait image is highly
desirable in many scenarios. It not only helps hair salon cus-
tomers to preview whether a hairstyle is suitable or not, but
also offers users to customize a hairstyle for virtual conferences
or social networking softwares. However, due to the intricate
hair peculiarity (such as light scattering and semi-transparent
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occlusions) and various hairstyles, it is often very challenging
to edit portrait hairstyles in 2D images flexibly.

Early hairstyle generation methods rely on 3D hair models
to generate hairstyle images. For example, neural hair render-
ing methods [1], [2] synthesize portrait images with various
hairstyles by leveraging 3D hair models and the hair appear-
ance of a reference image. However, constructing strand-based
3D hair models is usually time-consuming and difficult for
non-experts.

Alternatively, attribute-based methods [3], [4], [5], [6], [7]
have been proposed to edit hairstyles based on the gender and
color attributes, and thus they cannot change hairstyles freely.
Recently, MichiGAN [8], LOHO [9] and Barbershop [10] pro-
duce new hairstyles by transferring hairstyles’ structure, appear-
ances and shapes via generative adversarial networks [11]. Since
these methods focus on global hairstyle transferring, they cannot
control the generation of local hair details. DeepFaceEditing [12]
and SketchHairSalon [13] present a flexible way to generate
hairstyles by employing sketches. Since they do not constrain the
appearance consistency between the facial and hair regions, the
generated images may suffer unnatural boundaries or artifacts.

In this paper, we introduce a novel parametric controllable
stroke-based hairstyle editing network, namely HairstyleNet, to
flexibly revise local structure, colors, and global styles of hair in
aportrait image. In a nutshell, HairstyleNet first parameterizes a
hair region by parametric strokes (i.e., quadratic Bézier curves),
then adjusts the stroke parameters according to users’ prefer-
ence, and finally renders the edited parameterized hair and facial
region into a photorealistic portrait image, as illustrated in Fig. 1.
Our proposed HairstyleNet consists of a stroke parameterization
stage and a stroke-to-hair generation stage. In the stroke parame-
terization stage, we utilize strokes to simulate hair wisps, where
a quadratic Bézier curve and a thickness parameter are adopted
to control stroke shapes, and stroke colors are controlled by
the color and transparent parameters. Then, we formulate the
stroke parameterization as a parameter searching process that
aims to maximize the similarity between the hair region and
the rendered strokes. Since rendering strokes with thickness is
not differentiable, minimizing the differences between the hair
region and the rendered strokes to achieve the stroke parameters
becomes non-differentiable.

To solve this problem, we instead leverage a neural renderer
to imitate the non-differentiable rendering process from stroke
parameters to a stroke image. More specifically, we first gen-
erate image pairs of stroke images from stroke parameters (a
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Fig. 1.

Given an input image (a) or (b), our method HairstyleNet manipulates hairstyles by controlling the stroke parameters. Specifically, a user can leverage our

hairstyle editing tool to manipulate stroke-based hair images (top-left). Then, the stroke-based hair and face images are composed together (bottom-left). Finally,
synthesized portrait images with new hairstyles are obtained from the composed versions (right).

non-differentiable rendering pipeline), and then train the neural
renderer with the image pairs. After the neural renderer has
been fully trained, we incorporate this differentable renderer
into our stroke parameterization process. In this manner, our
proposed stroke parameterization pipeline is fully differentiable.
As a result, we can obtain stroke parameters to represent hair
region in images, and then users can flexibly edit the stroke
shapes, thicknesses and colors to change the hairstyles with our
interactive hairstyle editing tool.

In the stroke-to-hair generation stage, we design a hairstyle
refinement network for generating a natural and high-fidelity
face image from the composed image including the stroke-based
hair region, face region, and background. We observed that
some facial and hair regions in the composed images may
look inharmonious after users’ editing in previous works. Thus,
we impose a global appearance consistency constraint on the
composed portraits. Specifically, we train a refinement encoder
to project a composed image to the style space of a pre-trained
StyleGAN2 and then synthesize a high-fidelity and realistic por-
trait image by utilizing the powerful reconstruction ability of the
StyleGAN2 generator. Quantitative and qualitative comparisons
demonstrate the superiority of our method on hairstyle editing
and transferring.

Opverall, the main contributions are summerized as follows:

® We introduce the first parametric controllable hairstyle

editing pipeline, HairstyleNet, to flexibly change
hairstyles, including hair shapes, colors and structure, by
manipulating the parameterized hair strokes.

® We achieve a fully differentiable hairstyle editing network

by adopting a neural renderer to imitate the rendering
process from stroke parameters to a stroke image, thus
significantly facilitating the network training and leading
to superior hair editing effects.

® We provide an interactive user-friendly hair manipulation

editing tool, which can be easily adopted in other multi-
media applications.

II. RELATED WORKS
A. Deep Image Generation

Generative adversarial networks (GANs) [11] have shown
remarkable results in image generation tasks. GANs are widely
used in highly realistic image generation [11], [14], [15], [16],
[17], [18], facial attribution image generation [3], [4], [19], [20],

[21],image conversion [22], [23], [24], [25], [26], [27], [28], and
super-resolution [29], [30], [31], [32], [33], [34], [35], [36], [37].

The advent of StyleGAN [38] and StyleGAN2 [39] signifi-
cantly improves image generation quality. StyleGAN implicitly
incorporates hierarchical latent information into its shallow and
deep layers to synthesize high-fidelity human faces. Meanwhile,
many methods [40], [41], [42], [43], [44] project images into the
StyleGAN latent space for generating high-quality and diverse
outputs. These StyleGAN inversion methods can be roughly
grouped into two categories: learning-based and optimization-
based. The learning-based methods leverage a neural network to
learn the correspondences between latent codes and images, and
require the whole process to be differentiable. The optimization
based algorithms back-propagate the gradients of reconstruction
errors to update the latent codes.

B. Facial Attribute Manipulation

Attribute-based facial image manipulation methods [3], [4],
[51, [6], [45], [46], [47], [48], [49], [50], [51] change face
appearances by controlling specific facial attributes, such as
gender, age, expression, eyeglasses, and hair. These methods
usually adopt the generative adversarial networks or encoder-
decoder architectures. IcGAN [19] introduces an encoder to
learn an inverse mapping of a conditional GAN. An image
is first encoded into a latent representation, and then decoded
to a target image conditioning on the desired attribute labels.
StarGAN [3] performs multi-domain attribute image translation
by changing the attribute labels of input images. SMILE [47]
achieves multiple facial attribute manipulation with the help
of a guided exemplar. SC-EFGAN [52] generates high-quality
portraits by user-friendly input in terms of the colors and shapes
of sketches. Deep Plastic Surgery [53] presents a coarse-to-
fine sketch refinement strategy to achieve portrait editing by
sketches. Although existing facial attribute manipulation meth-
ods can edit hairstyles, they can only edit simple hair attributes
to a limited extent, such as changing hair colors or bangs.

C. Hair Model and Image-Based Hair Editing

Hairstyle is a critical component of a character. Hair acquisi-
tion pipelines capture hair models from various inputs, including
multi-view images [54], [55], a single-view image [56], [57],
[58], [59], point clouds [60], [61], [62] and RGB-D images [55],
[63]. Several hair editing methods have been proposed using a
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Fig. 2.

The pipeline of our framework consists of two stages. In part (a), the hair region of a reference image is rendered into a stroke image, where X; is a set

of stroke parameters (including quadratic Bézier curve points, color, transparency, and thickness), N is the total number of strokes used to draw the stroke-based
hair image, S is the stroke image rendered with the set of stroke parameters, and L, is the loss between the hair image and the canvas. Users can edit the stroke
parameters X; by the manipulable hairstyle editing tool, and the edited stroke parameters X; will be rendered as the stroke-based hair image. In part (b), the
refinement encoder module is used to map the composed image into the latent codes W T, and the refinement decoder generates the individual image with a new

hairstyle according to the latent codes of the composed image.

3D hair model [56], [64]. Nevertheless, the 3D modeling and
rendering progress is expensive.

Existing methods exploit hair editing to synthesize realistic
2D hair images directly. H-GAN [65] consists of an encoder-
decoding sub-network, a GAN sub-network, and a recognition
sub-network. H-GAN edits hair by adding the hairstyle vector
to a face latent representation and then decoding the modified
latent representation. HairMapper [66] designs a pipeline to
remove hair by finding a specific path in the latent space of
StyleGAN. HairClip [67] proposes a hair editing interaction
mode by leveraging the powerful image text representation capa-
bility of the Contrastive Language-Image Pre-Training (CLIP)
model. While HairClip performs high-quality global hairstyle
editing, it can not edit specific local hair regions intuitively and
flexibly. LOHO [9] uses a two-stage optimization and gradient
orthogonalization for reference hairstyle transfer, including hair
structure and appearance. Barbershop [10] suggests a new la-
tent space for image blending when transferring hair shapes,
appearances, and coarse structure to a target image. Although
these works achieved promising progresses on hair generation
conditioning specific reference inputs, they often do not favor
flexible editing.

Olszewski et al. [68] synthesize realistic facial hair from an
input image with a user-assigned region and sparse sketches.
MichiGAN [8] achieves hair manipulation by disentangling hair
into four orthogonal attributes, including shapes, appearances,
structure, and background. SketchHairSalon [13] and Deep-
FaceEditing [12] generate realistic hair images from freehand
sketches. These sketch-based methods often suffer unnatural
boundaries. In this paper, we propose a parametric controllable
stroke-based hairstyle editing method, allowing users to manip-
ulate various attributes of hair freely in an interactive manner.

III. PROPOSED METHOD

Given an input image I;,,, HairstyleNet aims at generating
the individual image with an edited hairstyle according to user
operations. As shown in Fig. 2, our method consists of two
stages: (1) a hair stroke parameterization stage, in which hair

will be represented by parametric strokes; (2) a stroke-to-hair
generation stage, in which the stroke-based hair image will be
blended with the non-hair region to synthesize a realistic portrait
image.

A. Stroke Parameterization Stage

A hairstyle is made up of tens of thousands of hair strands.
Since controlling each hair strand individually is impractical, we
model the hairstyle as multiple overlapping hair wisps. Inspired
by stylized neural painting [69], we represent each hair wisp as
a quadratic Bézier curve with thickness, color and transparency,
dubbed stroke S. Specifically, the stroke parameters X € R!!
is defined as X = {Py, P1, P5,d,c,a}, where the d € R, c €
R3, and a represent the thickness, color, and transparency of
the quadratic Bézier curves, and the P;,7 € [0, 2] are three 2D
control points in the pixel space:

B(k) = (1 —=k)*Py +2(1 — k)kP, + k*Py, k € [0,1]. (1)

Since modeling hair by strokes is a one-to-many mapping, we
incrementally search the parameters of each stroke in an iterative
manner, as illustrated in Fig. 2(a). The searching process mimics
the drawing procedure on an empty canvas. We gradually add
new strokes to the blank canvas and update the stroke parameters
progressively at each step by maximizing the similarity between
the input and the canvas.

The existing stroke renderer draws a stroke image by ap-
plying multiple continuous colored rectangle segments along
the quadratic Bézier curve’s direction. As a result, the stroke
renderer is often non-differentiable, increasing the difficulty of
the similarity maximization process between the hair image and
the stroke-based images. To solve this problem, a neural renderer
is employed to imitate the stroke renderer, motivated by [69].
Specifically, we obtain pairs of stroke parameters X and stroke
images S generated by a stroke renderer. Then, a neural renderer,
which takes stroke parameters as input and outputs strokes, is
trained with a pixel-wise similarity loss between a stroke image
and its ground-truth S.
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Fig. 3. Illustration of components and masks in the composed image.

With the help of the neural renderer, we design a novel stroke
parameterization framework to parameterize the hair image to a
sequence of strokes, which are represented by stroke parameters.
Specifically, for each step, a neural renderer first predicts a stroke
image S; from a randomly sampled stroke parameter X;. Then,
X, will be updated by 7T iterations to maximize the similarity
between the hair image and the current canvas. After N steps,
we obtain stroke parameters {X;}¥ | that would fit the hair
image. The stroke parameters are orderly rendered on the canvas,
and we name the final canvas as a stroke-based hair image.
Afterwards, users can flexibly edit the hairstyles of input images,
including shapes, structure, and colors, via controlling the stroke
parameters with our interactive hairstyle editing tool, as seen in
Fig. 4.

B. Stroke-to-Hair Generation Stage

As shown in Fig 2, the edited stroke parameters are rendered
into the stroke-based hair image I by the stroke neural renderer,
and then it is combined with the non-hair image as a composed
image I.. In the stroke-to-hair generation stage, ensuring the
edited hair matches the face and unifying the appearance style
of the generated image should be emphasized and are our focus.

In this work, we provide two ways of hairstyle editing in the
editing system for users: (i) stroke-based local hairstyle editing
and (ii) reference-based hairstyle editing. For reference-based
hairstyle editing, users can transfer the hairstyles of reference
images to inputimages. As illustrated in the second row of Fig. 1,
the stroke-based hair regions of the reference images cannot fully
cover the non-hair regions of the input images. Due to the shape
differences between the reference hair regions and the input hair
regions, blank areas would occur around the face regions in
composed images. Hence, we leverage the regions obtained by
(Ms — M,;,,) ® BG to fill these blank areas. Specifically, the
composed image /.. is defined as:

I.=(1—M,)® Lip + M, ® I, + (M, — M,) © BG, (2)

where M;, and the M represent the hair region masks of
the input image and the stroke-based image, and the M

M \/ M,, is the union hair mask. Here, the operator — indicates
the element-wise subtraction of two matrices, \/ represents the
element-wise OR operation, and ©® is the element-wise multi-
plication operation, as illustrated in Fig. 3.

For stroke-based hairstyle editing, our system allows users to
edit the local hairstyle of input images. In other words, strokes
in the composed images are rendered from the hair regions of
input images. In this fashion, the blank areas will not corrupt the
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non-hair regions in composed images. In general, blank areas
rarely appear when users add or edit strokes on a composed
image. For the stroke removal operation, blank areas usually
appear in the hairregions. As seenin Fig. 1, since face regions are
not corrupted in the composed images, the identity information
in generated images is well maintained even though there are
blank areas in hair regions. Therefore, choosing a BG image is
not mandatory in stroke-based local hairstyle editing operations.

In practice, the style and quality of the generated hair region
and the input non-hair region may not be compatible. To guar-
antee the overall style appearance harmonious of the generated
image, we first project the composed image into a latent repre-
sentation by the refinement encoder E, i.e., W+ € R'8*%12 and
then the refinement decoder synthesizes the high-fidelity portrait
image according to the latent code of the composed image,
as illustrated in Fig. 2(b). More specifically, the refinement
encoder builds upon the pixel2style2pixel encoder [40], [41] that
enables the encoded composed image to be mapped to a realistic
high-quality image in the latent space of the refinement decoder.
Here, we adopt a pre-trained StyleGAN2 as our refinement
decoder due to its powerful image generation ability. In this
fashion, we can constrain a consistent style between hair and
face regions as well as achieve fine-grained hair details in the
final results.

C. Training Details and Objective Function

1) Training Objectives for Stroke Parameterization: In the
stroke parameterization stage, we aim at converting the whole
hair region of the input image into a stroke-based image in order
to edit local hair. This would require that the stroke-based image
has the same appearance and structure as the input hair region.
Therefore, we apply the following loss functions to constrain
the appearance and structure similarity.

The L1 Loss and the LPIPS Loss: We first adopt the pixel-wise
L1 loss to measure the low-level intensity differences between
the hair images and generated strokes, as follow,

L1(Ls; In) = ||Ls — In||1, 3)

where I, I, are the stroke-based hair image and the in-
put hair image, respectively. In addition, the perceptual loss
L prps [70] is introduced to constrain the overall appearance
and structure similarity in the hair region, expressed by,

5
1
Lrpips(IaIn) = Z N ) = B, @)

where F; indicates the feature maps extracted from the layers
of pooll, pool2, pool3, poold, pool5 of VGG-16, respectively,
and Nj is the pixel number in the jth layer output.

Optimal Transport Loss: Stylized neural painting [69] proves
the optimal transport loss can effectively minimize the trans-
portation cost of moving strokes from one location to another.
We thus employ the optimal transport to regulate the stroke
locations in a stroke-based image. To be specific, the optimal
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transportation loss £,; is defined as:

1
Lot (vs,v) := (P',C),s.t.P' = argmin (P,C) — —h(P).
pPeu A
4)

The entropy is defined as h(P) = — Zij:l pij log p;;, where
pij is a joint probability of P. P € R’*" is the joint probability
matrix, whose (4, j)-th element denotes the joint probability of
the ith pixel in I, and jth pixel in I}, and n is the number of
pixels in an image. C' is the cost matrix, indicating the costs of
moving a “unit pixel mass” from one position in I, to another
one in I, and its (7, j)-th element is measured by the euclidean
distance between the :th pixel’s location in I and jth pixel’s
location in 1},

Stroke Width Regularization Loss: To prevent strokes from
excessive overlapping, we adopt the width regularization loss
L4 to constrain the widths of strokes. The width regularization

loss is defined as:
L= ldilh,

iEN

(6)

where the IV is the number of strokes, and the d; is the width of
the 7th stroke.

Without the width constraint, all strokes tend to cover the
hair region with a large width, thereby failing to depicting
local hairstyles. In other words, severe stroke overlapping would
exert negative influences on achieving the local hairstyle editing
for users. Moreover, extensive overlapped strokes will make
stroke selection in the editing phase difficult. With the width
constraint, strokes are generated in a coarse-to-fine rendering
process thanks to the progressive learning strategy. Strokes
rendered first in order depict the shapes and the structure of
the global hair regions, and thus they usually have large widths.
Strokes rendered later in order describe the fine structure and
shapes of the local hair regions, usually with small widths.

Hair Orientation Loss: We introduce a hair orientation loss
L ,r; in the hair region for maintaining the hair internal structure
between the hair image [;, and stroke-based hair image /.

We utilize dense 2D orientation fields to depict the hair struc-
ture for each pixel of the hair region using a Gabor filter [71].
Specially, we first use 32 oriented filter kernels { Ky, 6 € [0, 7)}
to estimate the trigonometric orientation map 6* and its associ-
ated confidence map v of the hair region in the image /. The
orientation and the confidence maps of the pixel position p are
defined as follows,

0, = arg max |(Ko @ In),l, (7

Tp :mgXKKO@Ih)p‘v ()

where ® represents the convolution operator. Then, we convert
the trigonometric orientation map 6* into a two-channel continu-
ous orientation map O’ and a one-channel continuous orientation
map o, for each pixel p, written by,

Oy’ = [cos (2-05) * yp,sin(2- 05) % 7] ,

o0, = arctan (0,') /2.

9
(10)
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Then, we calculate per-pixel MAE orientation distance in the
hair region as the hair orientation loss, defined as:

Lori = ||(O(Is) - O(Ih))||17 (11

where O(I;) and O(I},) are the orientation maps of the stroke
image and the hair region of the input image, respectively.

Total Loss for Stroke Parameterization: The overall loss func-
tion in the stroke parameterization stage is defined by,

Loy =1Ly +aoLlpprps + asly + aaloy + asLopi, (12)

where o, s, a3, g, a5 are empirically set to 1, 1, 0.005, 0.1,
1, respectively.

2) Training Objectives for the Refinement Autoencoder: In
this stage, we do not need to train the decoder part since we adopt
a pre-trained StyleGAN2 as our refinement decoder. Thus, we
only train the refinement encoder to effectively map a composed
image to the latent space of the pre-trained StyleGANZ2. In other
words, the composed image that contains coarse hair strokes will
be matched to its nearest StyleGAN2 latent code, which not only
represents a photo-realistic identity-preserving face portrait but
also exhibits the edited hairstyles.

To this end, we impose several loss functions on the generated
face images. Since we do not ground-truth images after hairstyle
editing, we first parameterize the hair region of an input image
and then employ the input image as ground-truth and the stroke-
parameterized image as input to train our refinement encoder F.
Here, we utilize the pixel-wise £1 and L, py pg losses to enforce
image intensity and feature similarities. To preserve identity
information during hairstyle editing, an identity-preserving loss
is used to constrain the difference between the facial features of
the composed image .. and the generated image /, defined by,

Liqg=1—cos(Ft(I), Frr(12)), (13)

where F'r, represents the facial recognition network LightCNN-
29, which extracts a 256-dimensional facial embedding as the
facial features, and cos(+, -) indicates the cosine distance.

We noticed that if we directly project the composed image
to the latent space of StyleGAN2, the generated images usu-
ally suffer blurred effects. This is mainly because the latent
codes generated by our refinement encoder are not close to the
manifold of StyleGAN2. Instead, we opt to learn the residual
between the latent code of a composed image and the center
of the StyleGAN?2 latent codes. In this way, we found that the
generated images are more photo-realistic, and this implies that
learning the residuals implicitly constrains the generated latent
codes to be on the manifold of StyleGAN?2.

In summary, the overall objective to train our refinement
encoder is defined by:

Lemp =2 * L1 +rox Lpprps + Az x Lig

+ Ag % Lopi (I My, I' x M), (14)

where M), and M, represent the predicted hair masks of the I
and I, respectively. In training of the image refinement encoder,
A1, A2, A3, and A4 are set to 1, 0.8, 1, 1, respectively. The reso-
lutions of the composed images and the generated images are of
size 256 x 256 pixels and 1024 x 1024 pixels, respectively.
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Fig. 4. Our hairstyle editing system. We can manipulate the hairstyles by
controlling the strokes parameters, and each stroke is selected by mouse clicking.
This figure provides an example of changing the color of a stroke from the
original one to blue.

IV. INTERACTIVE HAIRSTYLE EDITING SYSTEM

Aninteractive hairstyle editing tool is provided for users based
on the proposed HairstyleNet, as shown in Fig. 4. Convenient
editing operations can be achieved in the following ways.

Stroke-Based Hairstyle Editing: Local hairstyle edition is an
important function in many multimedia applications. How to
enable users to edit local hair flexibly is one of our key concerns.
To achieve a convenient operation for users, we provide a stroke
image visualization panel that allows users to add, delete and
edit a hair strand just by clicking a stroke on the image. Besides,
users can edit stroke parameters by adjusting the parameter
bars provided in the stroke editing panel. After clicking the
generation button, the high-fidelity portrait image with a new
hairstyle will be presented in the panel.

Reference Hairstyle Editing: A direct way to manipulate the
hairstyle is transferring the hairstyle of a reference image to the
input image. In our hairstyle editing tool, we provide a simple
operation to achieve this. Users can change hairstyles by clicking
the ”Load Reference Image” button. After clicking that, the
composed image and the generated image will be loaded into
the panel.

V. EXPERIMENTS AND ANALYSIS

Qualitative and quantitative experiments are implemented to
verify hairstyle editing performance of our proposed method.

A. Dataset and Metrics

Datasets: We employ the large-scale portrait dataset Flickr-
Face-HQ (FFHQ) [38] to conduct our experiments. We randomly
select 10 K images from FFHQ as the training dataset to train
the stroke parameterization network and the refinement encoder,
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and 5 K images from the remaining images as the test dataset.
The resolution of images is resized to 512 x 512 pixels.

Metrics: We mainly employ three metrics to evaluate the
quantitative results produced by different methods. Frecet In-
ception Distance (FID) measures the visual quality of generated
images. Peak Signal-to-Noise Ratio (PSNR) evaluates the image
intensity differences between the input image and the generated
image. Structural Similarity Index (SSIM) measures the visible
structure difference between two images.

Implementation Details: Randomly sampled vectorial param-
eters and their corresponding strokes generated by the stroke
renderer are used to construct the training dataset for the neural
renderer. This dataset contains 10 K training pairs. The size of
each stroke image is 128 x 128 pixels. During optimization, the
learning rate is setto 2e — 4 and betas to (0.9, 0.99). The learning
rate is reduced to its %0 every 100 epochs and stopped after 500
epochs, following [69].

In the stroke parameterization stage, we follow the model
architecture and training protocols in [69]. As shown in Fig. 2,
we add new hair strokes to a canvas step-by-step. In each step, the
parameters of strokes on the C'anvas—i are updated according to
the appearance and structure similarity between the C'anvas—i
and the hair image. Different from [69], we do not divide
the canvas into several sub-blocks. Although using sub-blocks
facilitates generating detailed hair structure on stroke-based hair
images, the multi-scale rendering way breaks the continuity of
hair wisps. Another distinct difference is that we introduce a
hair orientation loss to maintain the internal structure of the
hair.

In the stroke-to-hair generation stage, we first use
BiSeNet [72] to segment hair regions from images in FFHQ.
Then, the segmented hair images are rendered into hair stroke
images by the neural renderer once the neural renderer has been
trained. The hair stroke image and the non-hair region from the
same image are combined together to form a composed image.
In this fashion, the original image and the composed image
will be exploited to train the refinement encoder. In this stage,
Adam [73] optimizer is used, with 51 and S5 setto 0.5 and 0.999,
respectively. The learning rate is set to 0.0001 with the batch size
of 2. The total iterations of training the refinement network is
50 K. All the experiments are implemented on GeForce RTX
2080Ti. In comparisons, we employ the pre-trained models and
codes released by the authors. Our training codes and pre-trained
model will be released soon.

B. Quantitative and Qualitative Comparison

Quantitative Comparison: We compare HairstyleNet with
the state-of-the-art hair image generation methods: LOHO [9],
MichiGAN [8], DeepFace Editing [12] and SketchHairSa-
lon [13]. Because the inpainting module in MichiGAN is not
publicly available, we instead employ the face inpainting method
LaFin [74] to replace the inpainting module. We employ the re-
leased model of SketchHairSalon to generate the comparison re-
sults in Fig. 5. Since the matte generation code in SketchHairSa-
lonis not publicly available, we utilize the Gabor filter and sketch
simplification method to generate the Salon mattes [75], [76].
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Fig. 5.
reference hairstyle editing, our approach achieves better visual results.

TABLE I
QUANTITATIVE COMPARISONS OF DIFFERENT METHODS

Methods FID] PSNRT SSIMT
LOHO [9] 97.82  17.69 0.70
MichiGAN [8] 26.62 2758  0.88
DeepFaceEditing [12] | 123.73 1853  0.72
SketchHairSalon [13] | 185.60 14.31 0.75
HairstyleNet (Ours) | 21.68  21.99 0.73

1 Means the higher, the better. | Means the lower, the
better.

Here, our method aims to reconstruct images from stroke-
based images. The other competing methods that focus on
hairstyle transferring use the input images as reference images
but remove the face regions in the reference images to avoid
direct copy. In this way, we can compare the quantitative re-
sults among different methods. Results are reported in Table I.
HairstyleNet achieves superior performance to other methods
on most of the metrics. Note that, although MichiGAN obtains
the best result on PSNR and SSIM, its visual results suffer
obvious artifacts, especially around boundaries between facial

Visual comparison with the state-of-the-art hairstyle transfer methods MichiGAN [8], LOHO [9], DeepFaceEditing [12], and SketchHairSalon [13]. For

and hair regions. This is because MichiGAN simply copies the
hair region from a reference image to the target one. Compared
with other methods, Hairstyle has the lowest value on the FID,
demonstrating its superior ability on achieving holistic appear-
ance consistency after hair editing. In terms of running time,
HairstyleNet could provide real-time interactions for users. In
the stroke parameterization stage, the stroke generation time
depends on the complexity of the hair and the number of strokes.
For example, the stroke generation time of the input image with
35 strokes in Fig. 2 costs 2.35 s. Hence, the stroke generation
time is acceptable to users. In the stroke-to-hair generation stage,
our system spends 0.1 s on generating a portrait with a new
hairstyle after users click the generation button.

Qualitative Comparison: In Fig. 5, we demonstrate the visual
results of hair transferring from a reference image to a target
image. As shown in Fig. 5, when the hair regions of the reference
images cannot cover the target hair regions, the competing
methods suffer obvious artifacts on the uncovered regions, or
fail to transfer the hairstyles of reference images to the target
ones. MichiGAN, LOHO, and SketchHairSalon exhibit obvious



3864

Fig. 6. Visual results of hairstyle manipulation. The first and third rows
illustrate edited hair strokes, and the second and fourth rows show the edited
results.

artifacts near the boundaries between facial and hair regions,
while the face regions suffer obvious artifacts in the results
of DeepFaceEditing. Note that, the hair structure and shape
information in Salon-mattes can be well preserved in generated
images. However, the SketchHairSalon only synthesizes the hair
region from the input sketch and the hair matte, rather than
generating the whole image. Then, the generated hair regions are
directly pasted to the input images. This is the main reason for
style inconsistencies between the hair regions and the non-hair
regions in the generated images.

In contrast, our method transfers the hairstyles effectively
and achieves photo-realistic results, where the hair and facial
regions are blended seamlessly. In addition, we further illustrate
the stroke-based hairstyle editing by manipulating strokes. Since
existing methods do not provide such effects, we only demon-
strate our results in Fig. 6. More visual results on local hairstyle
are shown in Fig. 7.

C. Ablation Study

In the stroke parameterization stage, to verify the importance
of each loss function, we generate stroke-based hair images with
different loss functions and show the visual results in the left
side of Fig. 8. Although employing £; + L, can represent the
overall hair shapes and colors, it fails to capture the detailed hair
structure. Without employing L,,;, we fail to produce correct
hair wisp orientations, while without using £, the width of thin
hair wisps cannot be fully captured. Without L1 p; pg, the results
contain some noisy strokes and miss some correct ones. On the
right side of Fig. 8, we plot the MSE between the input hair
images and the generated stroke-based hair images according to
the various number of strokes. The full losses lead to lower MSE
than all other ablated loss functions except £1 + L. Since L1+
L+ focuses on minimizing the pixel color differences, it obtains
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Fig. 7.

Visual Results of local hairstyle editing.

the minimum MSE but fails to capture hair wisp structure as
expected. The above results validate that L,,.;, L4, and L prps
all contribute to the modeling of detailed hair wisp structure
generation.

To demonstrate the impact of each loss function on the stroke-
to-hair generation stage, we show the generated results trained
with different losses in Fig. 9. Note that after incorporating the
identity-preserving loss £, 4, our refinement encoder makes the
generated identities very similar to the input portraits. Besides,
detailed hair information, especially the direction of hair strands,
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Fig.9. Impacts of different losses on the final visual results in our HairstyleNet.
Left: input (top) and reference (bottom) images; Right: results of employing
different losses.

can be preserved with the L,,;. Without £, or Ly p;pg, the
results are inconsistent with the reference images in term of hair
shape.

We notice that the stroke parameterization in general leads to
some information loss, and thus the reconstructed photo-realistic
portraits from composed images may not fully comply with
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Impacts of different losses on stroke parameterization. Right: visual results of employing different losses. Left: loss values decrease as the number of

TABLE 2
IMPACTS OF DIFFERENT LOSSES ON HAIRSTYLENET
Methods | w/oL;q w/0Lyri wW/0Lpprps wW/0Ly Ours
FID | 27.39 21.51 32.22 32.22 21.68
Cosine | 0.29 - 0.16 0.49 0.13
TABLE III

DIFFERENT WAYS OF LATENT CODE REGRESSION

Methods | Directly mapping Ours
FID 29.87 21.68
Cosine 0.27 0.13

original input images but are still visually appealing. Therefore,
we argue that the contributions of losses may not truly reflect
in terms of the quantitative values on PSNR and SSIM. Similar
to the evaluation on generative networks, we employ FID to
evaluate the contributions of each loss, as seen in Table II.
Without hair orientation loss L,,;, the FID improves slightly but
itwill lead to unwanted hairstyles visually as seen in Fig. 9. Thus,
the hair orientation loss is necessary in our method. In order to
further show the identity-preserving ability of each loss function,
we report the impacts of different losses on the cosine metric in
Table II. By employing the identity-preserving and perceptual
losses, our results are more realistic, while the impacts of other
losses mainly reflect on the visual results. Without £, we fail
to generate the high-fidelity image because it is difficult to con-
strain the pixel similarity between the generated images and the
input images. As expected, without employing L, the identity
information is not maintained. The visual results in Fig. 9 show
that incorporating £ pypg can preserve some detailed facial
and hair features. Thus, without using L prpg, the final results
suffer slight performance degradation as indicated in Table II.
Although we employ L,,; in the refinement stage, it mainly
imposes on the hair regions. Thus, we do not conduct its impacts
on identity preservation to avoid confusion.

In the stroke-to-hair generation stage, we generate a high-
fidelity image by learning the residual between the ground-truth
latent code of a composed image and the center of the Style-
GAN? latent codes rather than directly regressing the ground-
truth latent code. To further demonstrate the superiority of our
method, we compare our method with directly mapping the
composed image to the latent space. As indicated in Table III, our
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Composed Image Ours
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Fig. 10.  Visual comparison between direct mapping of styleGAN latent codes
and our method.

Reference hair images

Strokes rendered by the
progressive strategy
(50 iterations)

Strokes rendered by the
parallel strategy
(50 iterations)

Strokes rendered by the
parallel strategy
(100 iterations)

Strokes rendered by the
parallel strategy
(150 iterations)

Fig. 11.  Visual results of rendered strokes in the progressive strategy and
the parallel strategy. The progressive strategy produces strokes that carry more
detailed hair information, including structure, shapes, and colors.

method achieves better identity-preserving results and generates
high-quality images. The visual results are shown in Fig. 10.

D. User Study

To further analyze the visual quality of the edited results
generated by different methods, we recruit 10 volunteers to
participate in the user study. 20 groups of results obtained by
LOHO, MichiGAN, DeepFaceEditing, SketchHairSalon, and
HairstyleNet are provided to participants. Participants are asked
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| =

Fig. 12.  Visual results of our method under some extreme cases. First Row:
Composed images with different face orientations. Second Row: Results gen-
erated from images in the first row. Third Row: Composed images that the
stroke-based hair covers most of the face region. Fourth Row: Results generated
from images in the third row. The above results show that the identity information
is well maintained in generated images although the composed images have
various face orientations or severe face occlusions.

HairStyleNet

SketchHairSalon

DeepFaceEditing
MichiGAN 3.6
LOHO 3.6
‘ T T T 1
0 1 2 3 4 5

Fig. 13.  User study on hairstyle editing methods. The scores for all methods
are averaged by 10 volunteers. 5 means the highest quality of the generated
image, and 1 represents the lowest quality image.

to rank the generated image quality of each method from 1
to 5 as five methods are compared. 5 indicates the best visual
result while 1 represents the worst result. During the user study,
the reference and input images are provided to participants
for comparison. The final statistical results show that images
generated by our HairstyleNet are more favored by participants,
with an average rating of 4.8, which surpasses the second best
method by an average score of 1.2.

VI. DISCUSSION

Advantages of Strokes. One strength of our framework is
generating high-realistic portraits without unnatural bound-
aries. To support our claim, we show some extreme exam-
ples and discuss them in two cases. In the first case, we edit
hairstyles of portraits with different face orientations. As seen in
Fig. 12, the identity information is well maintained in generated
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Visual results of hair color editing.
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Visual results of sketch-based and stroke-based hair transferring and editing. Our stroke representation method performs better on local hair editing.

Compared with the sketch representation method, strokes are able to preserve the shapes, colors, and structure of local hair, and portraits generated from sketch-based

images achieve better visual quality.

images, even though the face orientations are inconsistent in
these input images. Another case is that the stroke-based hair
covers most of the face regions in the composed images. As
shown in the last column of Fig. 12, our framework is able
to generate photo-realistic images in the case of severe face
occlusions. The above results show that our refinement encoder
is able to map the composed images to the latent space of the
pre-trained StyleGAN?2. In this fashion, the identity information
is well preserved in generated images even for these extreme
cases.

Another superiority is that the stroke-based hair represen-
tation is preferable to other hair representations for local and
global hairstyle editing. To demonstrate the superiority of the
stroke-based hair representation, we utilize the method in Deep-
FaceEditing to generate sketch-based images and fine-tune our
refinement encoder on the sketch-based images. As indicated

in Fig. 15, images generated from sketch-based images fail to
preserve the detailed hair structure and colors. The editing results
also indicate that sketch-based hair representations are unable to
achieve local hairstyle editing. In contrast, portraits generated by
the stroke-based hairstyle editing method achieve better visual
quality.

Learning Strategy of Strokes. We explore the learning strategy
for our renderer network among the progressive learning strategy
and the parallel learning strategy. In the stroke parameterization
stage, we apply a progressive learning strategy to train our
renderer network. As shown in Fig. 2, we add new hair strokes to
a canvas step-by-step. In each step, the parameters of strokes on
the C'anvas—i are updated by calculating the appearance and
structure similarity between the C'anvas—i and the hair image.
For the parallel learning strategy, we render all strokes in parallel
over a number of iterations. However, in this way, the model
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would be difficult to converge to the correct strokes. We set 35
strokes to approximate a hair region, and each stroke consists of
11 parameters. Searching for the optimal gradient direction in
such a huge parameter space is a formidable task. Experiments
are conducted to support our claim. We run gradient descents
for 50 x 35 steps to generate strokes in the progressive strategy.
For the parallel updating manner, we run the same number of
steps for gradient descents. As shown in Fig. 11, for the parallel
updating fashion, the optimizer is struggling to mimic the hair
structure, colors, and shapes.

Since optimizing the stroke parameters in parallel tends to
produce suboptimal smaller strokes, it converges slower than in
the progressive strategy. Thus, within the same iterations, the
stroke colors of the parallel strategy fail to approximate the real
hair regions, as shown in the third row of of Fig. 11. Furthermore,
we conduct experiments on increasing the iteration number
of stroke parameters optimization in the parallel strategy. As
indicated in Fig. 11, in the parallel updating fashion, when stroke
parameters have been updated 100 iterations, the stroke colors
become closer to the real hair colors, and when the iteration
number reaches 150, stroke colors will resemble the hair colors
better. For hairstyle editing tasks, fewer iterations lead to more
pleasant interaction experience for users, and thus we opt to our
proposed progressive strategy.

Limitations. One disadvantage of our framework is that there
exists color bias between the strokes and the generated hair
regions, as shown in Fig. 14. In our framework, we train our
refinement encoder on composed images and adopt a pre-trained
StyleGAN2 as our refinement decoder. In composed images,
hair is described by strokes and has differences from hair in real
images. Hence, a composed image tends to match its nearest
latent code in the latent space of the pre-trained StyleGAN?2.
In this fashion, the approximately latent code could be decoded
into a realistic portrait. This is the reason that there is a hair color
deviation between the composed images and real images. An-
other disadvantage is that there is a color diffusion phenomenon
while changing the local hair color, as shown in Fig. 4. The
color diffusion phenomenon is induced by the decoding process
of the pretrained StyleGAN?2 in the stroke-to-hair generation
stage. Since the training dataset has fewer images with locally
dyed hair, StyleGAN2 tends to generate consistent hair colors
to a large extent. In future work, we will explore how to confine
colors within the local and global hair regions.

VII. CONCLUSION

In this paper, we presented a novel stroke controllable
hairstyle editing method, dubbed HairstyleNet. To the best of
our knowledge, our method is the first attempt to represent
input portrait hair regions by controllable parametric strokes
in a fully differentiable way. Benefiting from the parametric
strokes, we can edit hair by simply changing the parameters of
strokes and thus achieve new hairstyle effects. Furthermore, we
leverage a pre-trained face generator to constrain the harmony
between the edited hair and face regions, thus achieving visually
appealing results. Moreover, HairstyleNet can also transfer a
hairstyle of a reference image to the input thanks to the design
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of our controllable parametric strokes. Extensive experiments
demonstrate that our proposed HairstyleNet achieves superior
hairstyle editing results compared to existing methods and our
developed hairstyle editing tool will significantly contribute to
many multimedia applications.
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