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Abstract
We introduce a hair inverse rendering framework to reconstruct high-fidelity 3D geometry of human hair, as well as its reflectance, which can be readily used for photorealistic rendering of hair. We take multi-view photometric data as input, i.e.,
a set of images taken from various viewpoints and different lighting conditions. Our method consists of two stages. First, we
propose a novel solution for line-based multi-view stereo that yields accurate hair geometry from multi-view photometric data.
Specifically, a per-pixel lightcode is proposed to efficiently solve the hair correspondence matching problem. Our new solution
enables accurate and dense strand reconstruction from a smaller number of cameras compared to the state-of-the-art work.
In the second stage, we estimate hair reflectance properties using multi-view photometric data. A simplified BSDF model of
hair strands is used for realistic appearance reproduction. Based on the 3D geometry of hair strands, we fit the longitudinal
roughness and find the single strand color. We show that our method can faithfully reproduce the appearance of human hair and
provide realism for digital humans. We demonstrate the accuracy and efficiency of our method using photorealistic synthetic
hair rendering data.

1. Introduction
With emerging technologies of augmented reality and virtual reality, creating photorealistic digital humans is gaining increasing
attention in computer vision and graphics. Inverse rendering is a
widely used technique that can alleviate 3D artists’ labor-intensive
tasks of modeling high-fidelity digital humans. For human inverse
rendering, there have been several successful approaches to build
capture systems that produce multi-view photometric data, which
is a set of images taken from various viewpoints and under different
lighting conditions. From the images, inverse rendering framworks
are able to reconstruct detailed geometry as well as complex material appearance of human skin, e.g., specularity and subsurface
scattering. While previous research on digital humans achieved
great success on faces and bodies, inverse rendering for highfidelity hair data is still an open problem due to the inherent characteristics of hair, i.e., the microscale geometry and the large number
of hair strands. In this paper, we present a novel inverse rendering
framework to reconstruct detailed hair geometry as well as its reflectance, which can be readily used for photorealistic rendering of
digital humans.
Following recent successes of human inverse rendering research,
we use multi-view photometric data. As a first stage, we reconstruct
hair geometry with strand-level accuracy. Traditional multi-view
stereo techniques fail in this stage as they are designed to reconstruct 3D surfaces, not 3D strands. The main challenge is to find
pixel-wise correspondences across views. Nam et al. [NWKS19]
proposed a line-based multi-view stereo algorithm that reconstructs
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Figure 1: Demonstration of our method on synthetic hair rendering data. (Left) Some of our input images. (Right) A rendering
of our reconstructed hair model. Our hair inverse rendering algorithm can produce a full hair model with geometry and reflectance
information, which is accurate and realistic.

a 3D line cloud from multi-view images. Their method, however, requires densely positioned cameras (70 cameras on a hemisphere) and relies on several heuristics for correspondence matching and view-selection. We propose a new solution for line-based
multi-view stereo that gives us more densely reconstructed strands
even from a smaller number of views compared to the previous
work [NWKS19] (Section 4). We design a new matching cost function that fully utilizes the photometric data. We introduce lightcode,
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a per-pixel light encoding that stores information about whether a
small hair segment can be lit by each light or not. Using the lightcode, we efficiently solve the hair correspondence problem as well
as the per-pixel view selection problem.
Using the reconstructed hair geometry, the second stage estimates reflectance properties using photometric data (Section 5).
Estimating the reflectance of hair is challenging, since the overall appearance of hair is the result of the aggregated multiple interactions of light with each single hair fiber of about 80 microns
thickness. Each of those fibers exhibits highly anisotropic, complex
light scattering patterns. To estimate the full reflectance properties
of hair strands, a highly complex and sophisticated capture system with a microscope is needed [KM17]. Therefore, we propose
a practical solution to use a simple hair reflectance model and fit
the parameters using our reconstructed geometry and illumination
information.
We demonstrate our method using synthetic hair rendering data
(Fig. 1). We use high-quality human head models and hair strand
models that are created by digital artists and render photorealistic images using Blender. To mimic a real-world capture environment, we place multiple virtual cameras and light sources
on a hemisphere pointing towards a subject, similar to the LightStage [GLD*19].
In summary, we introduce the following contributions:
• A hair inverse rendering framework using multi-view photometric data that yields high-fidelity hair geometry and its reflectance,
which can be used for photorealistic rendering of hair on virtual
characters.
• A novel solution for line-based multi-view stereo that yields accurate hair geometry from multi-view photometric data. By using lightcode, our method can reconstruct denser strands with
sparser cameras compared to state-of-the-art work. (Section 4)
• Hair reflectance estimation using multi-view photometric data.
Given the estimated fiber direction and a set of light and camera vectors, we leverage these sparse samples of the hair BSDF
to estimate the multiple scattering albedo and the longitudinal
roughness that define the overall color of the hair and the width
of the highlights respectively. (Section 5)
2. Related Work
2.1. Multi-view Photometric Stereo
Multi-view stereo [HZ03] has been widely used to reconstruct
3D geometry from images taken from multiple viewpoints under a fixed lighting condition. On the other hand, photometric
stereo [Woo80] reconstructs surface normals, as well as surface reflectance, using multiple images taken from a fixed viewpoint but
under varying illumination. Multi-view photometric stereo combines the two techniques to get rich information of 3D geometry and surafce reflectance at the same time [SDR*20; LMC19;
PSM*16; ZWT13; YY11; HVC08; TFG*13; DYW05; KN08].
The multi-view and multi-illumination setup has proven to be effective for creating photorealistic digital humans. However, most
work has focused on faces [FJA*14; FGT*16; GFT*11] and bodies [ZFT*20; VPB*09; GLD*19], and is thus not applicable to hair.

2.2. Image-based Hair Modeling
There have been many efforts to model hair geometry using captured images. Please refer to [BQ18] for an overview. A common approach is to use a multi-view setup. Most existing methods
first obtain a rough geometry from structured-light [PCK*08], visual hull [PBS04; WOQS05], multi-view stereo [LLP*12; LLR13;
XWW*14; HMLL14; HML*14; HBLB17; EBGB14; BBN*12],
depth-from-focus [JMM09], thermal video cameras [HZW12], or
an RGB-D sensor [HML*14], and run an additional strand-fitting
step to get 3D hair strands. Recently, Nam et al. [NWKS19] presented a line-based multi-view stereo method that directly reconstructs 3D hair strands from images, thus achieving high accuracy. Paris et al [PCK*08] showed the feasibility of a hair inverse
rendering pipeline using multi-view and multi-light images. They
first reconstruct 3D geometry of hair using structured light patterns
and estimate its reflectance using controlled illumination. Different
from [PCK*08], we reconstruct hair strands directly from multiview photometric data using our novel solution.
Hair capture from a single image is another stream of research [HMLL15; HML*14; CWW*12; CWW*13; CLS*15;
CSW*16; ZCW*17]. These are data-driven methods that utilize a
large number of manually created 3D hair models. More recently,
deep learning-based approaches were proposed. Pre-trained networks, such as convolutional neural networks [ZHX*18] or generative adversarial networks [ZZ19], were used to infer 3D hair geometry from a single image. While these methods have the benefit
of easy capture, the reconstructed geometries are not suitable for
photorealistic rendering.

2.3. Hair Reflectance Model
The seminal work of Marschner et al. [MJC*03] described the complex light transport within each human hair fiber, representing it as
a rough dielectric cylinder. This work resulted in the classification
of different scattering modes, namely R for the primary reflectance,
TRT for a secondary colored and attenuated reflection offset from
the primary, and TT for a transmission term, responsible for most
of the observed hue of the hair. D’Eon et al. [dFH*11] refined this
far field model into a more principled spherical Gaussian for the
longitudinal (along the fiber) component, and supplied a separate
roughness control on the azimuthal (in the cross sectional plane of
the cylinder) term. More recently, Chiang et al. [CBTB15] returned
to a near field solution, and provided a fourth TRRT lobe to cover
the missing energy from the additional internal bounces not considered previously. We start from a base implementation of this model
in Blender [Ble20] and add explicit artistic and debugging factors
for each term, also improving the convergence via fits similar to the
approaches from Pekelis et al. [PHVL15].
Previous work has tried to match the appearance of hair from a
single image [BPV*09], but accuracy is limited because they do not
utilize accurate strand level hair geometry. Zinke et al. [ZRL*09]
proposed to measure the reflectance properties of hair fibers coiled
around a cylinder. Progress has also been made in the case of textile fibers [KSZ*16] based on volumetric representations of fiber
assemblies. Different from previous work, we rely on explicit fiber
level estimation of hair geometry and do not depend on the usual
© 2021 The Author(s)
Computer Graphics Forum © 2021 The Eurographics Association and John Wiley & Sons Ltd.

T. Sun, G. Nam, C. Aliaga, C. Hery, R. Ramamoorthi / Human Hair Inverse Rendering using Multi-View Photometric data

limitations of traditional hair reflectance models, being able to
model any kind of color coming from dyes, or extra coating or wetness layers.

3. Overview
An overview of our hair inverse rendering pipeline is shown in
Fig. 2. The input of our framework is multi-view photometric data,
i.e., a set of images taken from various view-points and different
lighting conditions. We assume that Nc cameras are pointing towards the subject and there are Nl point light sources (Nl ≥ Nc ).
We also assume that each camera has a co-located light source.
Given Nc × (Nl + 1) images captured from all cameras under each
light source (and additional uniform lighting), we first reconstruct
a dense set of hair strands using the theory of multi-view photometric stereo (Section 4), and then estimate the reflectance properties
of the hair strands using the inferred geometry (Section 5).
We develop our algorithm based on synthetically “captured”
data. We use high-quality human head models and hair strand models created by digital artists, and use Blender to render the input
images. Specifically, we place Nc = 24 cameras on the upper hemisphere, aiming at the hair region, and then distribute Nl = 36 point
lights uniformly on the sphere. We make sure that each camera has
a co-located point light source. Using synthetic data has the following advantages. First, we have access to the ground-truth hair
strands which is impossible to obtain in real captured data. Second,
we can efficiently control the dataset. For example, we can easily
change the hair reflectance parameters, the number of cameras and
lights, exposure settings, etc. We render the images using the default setting of the Blender Cycles renderer [Ble20], which uses
path tracing with 1024 samples per pixel. All the images are rendered with the resolution 2048 × 2048, where a single hair strand
is roughly 3 pixels wide.

4. Hair Geometry Reconstruction
Our geometry reconstruction algorithm is inspired by the recent
success of Nam et al. [NWKS19]. They proposed the line-based
multi-view stereo (LMVS) to reconstruct strand-accurate hair geometry using multi-view captures. However, due to multiple scattering effects inside the hair, strands cannot be easily distinguished
from captured images. As a result, a large number of cameras (70
views in [NWKS19]) are needed for satisfactory output, and only
the outer surface of the hair is recovered.
We therefore use a multi-view photometric stereo (MVPS) setup
to solve the problem and propose a new solution for LMVS that
fully exploits the photometric data. In particular, we introduce
lightcode, a novel per-pixel light encoding structure. lightcode enables efficient neighbor view selection for multi-view stereo, and
also provides a strong signal for robust correspondence matching
across views. The remainder of this section describes our new solution for LMVS using MVPS data. We kindly refer readers to
[NWKS19] for more details about basic LMVS and to [CLK09;
BS05; BFV05] for more traditional computer vision approaches
that use lines.
© 2021 The Author(s)
Computer Graphics Forum © 2021 The Eurographics Association and John Wiley & Sons Ltd.

4.1. 2D Orientation Map
4.1.1. Per Light Orientation Extraction
Similar to previous work [PBS04], we filter each photometric image Ic (l, x, y) under a point light l and camera c with a set of convolutional kernels, and find the per pixel 2D orientation from the
maximum response. We use log-gabor filters [FŠP*07] rather than
gabor filters, because they have finer frequency supports:
Rθ (l, x, y) = σθ ∗ Ic (l, x, y)
Θc (l, x, y) = argmax Rθ (l, x, y)
θ

(1)

∑ R (l, x, y) · cos(θ − Θc (l, x, y))
Wc (l, x, y) = θ θ
,
maxθ Rθ (l, x, y)
where Rθ (l, x, y) is the convolutional response at pixel (x, y) with a
θ-rotated log-Gabor filter σθ . Θc (l, x, y) and Wc (l, x, y) are the 2D
orientation map and the confidence map for image Ic (l, x, y).
4.1.2. Per View Orientation Merge
After we extract the 2D orientation and its confidence from each
photometric image under a specific camera c, we apply a weighted
average on the per light 2D orientation and confidence:
Θc (x, y) = ∑ Wc (l, x, y) · Θc (l, x, y)
l

Wc (x, y) = ∑ Wc (l, x, y) · cos(Θc (l, x, y) − Θc (x, y)),

(2)

l

where the output is per-view 2D orientation map Θc (x, y) and confidence map Wc (x, y). Please refer to the supplemental material for
more details about the effect of the log-Gabor filter compared to the
original Gabor filter.
4.1.3. Hair Region Masking
We also use a pre-trained deep neural network [YWP*18;
LLWL20] to extract the hair region from the uniformly-lit images.
We compute 2D orientation maps only for the valid hair region,
which has great benefits in fast computation and efficient outlier
removal.
4.2. 3D Line Reconstruction
4.2.1. Lightcode
In multi-view stereo (MVS), finding correct correspondences
across views is crucial for accurate geometry reconstruction. Traditional methods fail in hair because first, the intensities between
neighboring pixels are highly similar, and second, due to the microstructures of hair strands, the pixel values change rapidly with different viewpoints. 2D orientation maps Θ(x, y) can be used for correspondence matching [NWKS19], but it is inefficient as it involves
multiple projections between cameras.
We therefore propose to use lightcode Lc (x, y) as a matching
feature to find correspondences between multiple views:
Lc (x, y) = b1 b2 · · · bNl ,

(3)

where bi is a binary bit which represents the visibility of the
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Figure 2: An overview of our hair inverse rendering pipeline.

unlit area

sponding pixels in the neighboring cameras efficiently and accurately. In practice, we use the median pixel value of the image under
the furthest light as the shadow threshold of the camera.
4.2.2. View Selection using Lightcode

light B

light A
cam A

cam B

Figure 3: This figure illustrates how lightcode can be used for view
selection. We use the interchangeability of the camera rays and
light rays. If one pixel of camera A under light B is bright, it means
that pixel can also be observed by camera B (blue point). If another
pixel of camera A under light B is dark, it indicates that camera B
cannot see the pixel (red point).

In MVS, neighboring view selection also affects efficiency and accuracy of the algorithm. Due to the lack of visibility information,
traditional MVS algorithms, including [NWKS19], have to search
for matching pixels in all the neighboring views. Using lightcode,
we can extract the visibility information since a point light is placed
right next to each camera. As shown in Fig 3, if one pixel of camera
A under light B is bright, then it means that specific pixel can also
be observed by camera B, and vice versa. Here, we use the interchangeability of the camera rays and light rays. The shadow casted
by the light next to a camera represents the visibility information
when observed from other views. We use this visibility information
to select per-pixel valid neighboring views. For the remaining parts
of this section, ’neighbor view’ always refers to ’per-pixel valid
neighbor view’.
Essentially, the lightcode encodes the visibility information at
each 3D point. Since the human head is roughly a sphere, about half
of the bits in each lightcode are 0. This means that for each point
associated with a lightcode, a large number of cameras cannot see
this point. In order to prune these invalid observations, we only use
the nearest 16 cameras when we are doing 3D reconstruction.
4.2.3. Analytic Derivation of 3D Line Segment from Pixel
Depth

neighboring
view

neighboring
view
reference view

Figure 4: An illustration of how we analytically derive the 3D line
segment S from a given depth d. For a pixel in the reference view,
we first get S pos (the position of S) by shooting a ray toward the
pixel. Then we get Sdir (the 3D direction of S) using Eq. 4.

pixel under light i. The lightcode shares a similar idea as Spacetime Stereo [DRR03], where they use pixel values from different
time slices for matching between cameras. Here, we assume that
whether a strand is bright or not is independent of camera views,
though its intensity is view-dependent. We use the percentage of
matching bits between the lightcodes to evaluate the similarity between cameras. We found that the lightcode could find the corre-

Given the 2D information (orientation map Θ(x, y), confidence
W(x, y), and lightcode L(x, y)) of all cameras, our goal is to find
the per-pixel optimal line segment S in the 3D space, represented
by a 3D position S pos and a 3D line direction Sdir . We observe that
both S pos and Sdir can be analytically derived when the depth d of
the pixel is given. For a single pixel (x, y) in camera c, assuming
we know its depth d, we can find the 3D location of its corresponding segment S pos and project it to its visible neighbors. For each
n-th neighboring camera, if the 3D line direction Sdir is consistent
with the 2D line direction Θn (x pro j , y pro j ), the 3D line should lie
in the plane formed by the projection ray and the 2D line on the
image plane. In other words, we will get the 3D line direction Sdir
by solving the equation below:


Ray0 (x pro j , y pro j ) × Θ0 (x pro j , y pro j )


..
(4)

 · Sdir = 0,
.
RayNn (x pro j , y pro j ) × ΘNn (x pro j , y pro j )
where Nn is the number of neighbor views and n = 0 indicates the
reference view. Here, we use Θn to represent the 2D line vector on
© 2021 The Author(s)
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the image plane of the n-th neighboring camera. The equation can
be efficiently solved for Sdir by finding the singular vector corresponding to the smallest singular value. Figure 4 illustrates this procedure. In this way, we reduce the whole problem to a 1D searching
problem w.r.t. the pixel depth d.

the following two advantages. First, during optimization, we are
not only finding the best matching pixels, but also maximizing the
number of pixels that correspond to a strand (large W value). Second, by formulating the problem as maximization, we implicitly set
the value of “bad matching” and “non-valid matching” to be zero,
which leads to more stable optimization.

4.2.4. Objective Function
Now, the problem is reduced to a 1D search over the depth d for
each pixel. To formulate our objective function, we sample Ns = 25
points along the 3D direction Sdir of the segment S. The sampled
points are represented by the superscript s. Our objective function
is a multiplication of two sub functions, the lightcode correlation
term Olightcode and the geometric correlation term OΘ :
Olightcode = mL (Lc (x, y), Ln (xspro j , yspro j )),
s
OΘ = cos(diff(Θn (Sdir
), Θn (xspro j , yspro j )))

(5)

·Wn (xspro j , yspro j ),
where s indicates the sampled 3D points, n refers to n-th view, mL ()
evaluates the similarity between two lightcodes, (x, y) is the target pixel in the reference view, (xspro j , yspro j ) is the pixel coordinate
where the sample s is projected to the n-th view, diff returns the 2D
angle difference, and Θn (Sdir ) is the 2D line direction of the 3D
line segment when projected to the n-th view.
Finally, we find optimal depth d per pixel, which maximizes the
following objective:
Ns Nn

O=

∑ ∑ Olightcode · OΘ ,

(6)

s=1 n=0

where Ns is the number of samples, and Nn is the number of neighbor views. Note that n = 0 indicates the reference view. This objective function represents the overall correlation across views. We
find depth d that maximizes the correlation.
4.2.5. Optimization
Optimizing Eq. 6 is straightforward. For each pixel on the reference view, we enumerate possible depth candidates and calculate
O using Eq. 4 and Eq. 5. Then we select the depth d that returns
maximum O. This brute force search guarantees to find the global
optimum, but it can be slow. We therefore run a two-stage optimization. First, for each depth candidate, we only evaluate Olightcode in
Eq. 6 and collect the depth candidates that produce high lightcode
matching. Then we evaluate the full objective O only for the selected candidates. We find that this two-stage optimization enables
faster correspondence matching while preserving the output quality.
4.2.6. Comparison to the Previous Work
Previous work by Nam et al. [NWKS19] treats the optimization as
a multi-dimensional problem, as both the depth d and the 3D line
direction Sdir are unknown. In contrast, we treat it as a 1D problem
with a single unknown variable d. This makes our algorithm faster
and more stable compared to [NWKS19].
Another key difference between our objective function and the
one from Nam et al. [NWKS19] is that we are solving a maximization problem rather than a minimization problem. This has
© 2021 The Author(s)
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4.3. Strand Generation and Extension
After we generate the line segments from each pixel in each camera, we follow the approach of [NWKS19] to connect them into
strands. We first select the small line segments S that are consistent
in at least 3 neighboring cameras, and then apply the mean shift
algorithm on the line cloud. The mean shift algorithm efficiently
collects the small line segments into a long strand in the 3D space.
After that, we cluster the neighboring line segments into strands.
At the current stage, we arrive at a set of hair strands. However,
the connected strands do not represent the hair geometry very well.
The average strand length is usually under 1 cm. Thus, we further
extend each hair strand from its tips to get longer and more reasonable hair strands. For each tip P, we project the 3D point XP
back to each camera, and select the cameras where the projected
3D direction of P aligns with the 2D direction at the projected point
Θi (x pro j , y pro j ) (angle different less that 5◦ ). Using the aligned 2D
directions from valid cameras, we can compute the possible growing direction Sdir by following Eq. 4. After we solve for the correct growing direction Sdir , we extend the strand for a certain step
XP = XP + Sdir · dstep , where dstep = 0.05cm. We repeat this process
until the new tip point can find no more than 5 cameras that align
with our 3D direction Sdir .
5. Hair Reflectance Estimation
Hair reflectance is difficult to estimate due to the aggregated nature
of hair appearance. Light may bounce many times inside the hair
volume, especially in the case of blonde or other kinds of lightly
colored hair. In order to match the look of the captured image, we
need to accurately estimate the reflectance properties of the single fiber. There are two properties that affect the visual appearance
the most: the longitudinal roughness of the hair and the absorption coefficient. The longitudinal roughness βl controls the size of
the highlight on the hair strands, and the absorption coefficient σ
determines how much light is absorbed by each single fiber, thus
controlling the color of the hair strands.
5.1. Hair roughness estimation
The longitudinal roughness is one of the parameters of the hair reflectance model, which is usually expressed as a BSDF function.
We use the BSDF model of Chiang et al. [CBTB15] in our paper.
The general form of the BSDF model can be written as:
ρ(θi , θr , φi , φr ) = ρl (θi , θr , βl ) · ρa (θi , θr , φi , φr , βa ),

(7)

where ρl is the longitudinal component and ρa is the azimuthal
component. The meanings of angles are shown in Fig. 5. Longitudinal roughness βl determines the width of white (R) and all the
subsequent colored lobes (TT, TRT, TRRT). In contrast, the azimuthal roughness βa affects the overall translucency of the hair
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volume. In order to keep the problem tractable, we decide to only
optimize the longitudinal roughness βl since it is ultimately what
controls the most prominent visual features of hair: the length of the
highlights on the strands. For this, we fix the azimuthal roughness
βa to common plausible values for human hair βa = 0.2 [MJC*03;
YY97; Bhu08], and assume that the azimuthal component ρa is a
constant. The analytical BSDF function of the longitudinal component is expressed as:
exp (−S − 1/βl ) · I
βl · (1 − exp(−2/βl ))

where I =I0 (cos(θi ) · cos(θr )/βl )

(8)

S = sin(θi ) · sin(θr )/βl

In order to fit to the BSDF model and solve for the longitudinal
roughness, we collect the BSDF samples of the hair reflectance by
collecting the pixel values whose viewing and lighting directions
are close to the mirror reflection:
π
∆θ = |θi − θr | < ,
6
(9)
π
∆φ = |φi − φr | < .
6
We divide the range of ∆θ ∈ [0, π6 ] into 32 bins, and average
the BSDF samples in each bin. Suppose the measured BSDF is
ρm (∆θ), we find the longitudinal roughness of the hair strands by
solving the following optimization:
βl

∑∆θ ρm (∆θ) · ρl (∆θ, βl )
q
.
∑∆θ ρ2l (∆θ, βl )
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Figure 6: The measured and the corresponding fitted analytical
BSDF of the longitudinal components. Our measured BSDF follows the analytical BSDF when ∆θ is small, and becomes flat when
∆θ is large, due to multiple scattering in the hair strands.
Algorithm 1: Hair Color Optimization
Function HairColorOpt(Captured Hair Image I under
uniform lighting, IterNum=5):
Rrgb ← Ave color of the hair region in I;
0
Crgb
← Rrgb ;
for s = 0 · · · IterNum − 1 do
Rendering the hair image I (s) using hair color
(s)
parameter Crgb ;
(s)

I0 is the modified Bessel function of the first kind, order 0.

max

0.125

0.075

Figure 5: Parametrization of the hair BSDF. θi and θr are the longitudinal angles, and φi and φr are the azimuthal angles.

ρl (θi , θr , βl ) =

Analytical
Measured

0.175

BSDFΔvalue

𝝎𝝎𝒊𝒊

(10)

Figure 6 shows a measured BSDF and the fitted analytical BSDF
of the longitudinal components. The shape of the measured BSDF
follows the analytical one when ∆θ is small, as the BSDF is dominated by the direct reflection (R component). As ∆θ becomes larger,
the measured BSDF becomes flat, due to the multiple scattering
between hair strands. For this reason, we only do our fitting on
∆θ ∈ [0, π6 ].
5.2. Hair color optimization
The overall perceived color of the hair, often called multiple scattering albedo, not only depends on the absorption coefficient σ of each

Rrgb ← Ave color of the hair region in I (s) ;
if s == 0 then
(s+1)
(s)
Rrgb
Crgb ← (s)
·Crgb ;
Rrgb

else
(s)

(s)

Perform linear fitting Rrgb = a ·Crgb + b
(s)

(s)

using Rrgb and Crgb from 0 to s;
(s+1)

Crgb

←

(IterNum)

return Crgb

Rrgb −b
a ;

;

of the single fibers, but also on the azimuthal roughness βa , that determines the translucency of the hair volume. However, the multiple scattering albedo is invariant to hair density[CBTB15; ZW07],
given a dense enough volume of strands. Chiang et al. [CBTB15]
empirically linked the multiple scattering hair albedo Crgb to the
single fiber absorption coefficient σ and the azimuthal roughness
βa using the following formula:
σ =(logCrgb /(5.969 − 0.215βa + 2.532β2a
− 10.73β3a + 5.574β4a + 0.245β5a ))2 .

(11)

This equation gives us a good approximation of the absorption coefficient σ given a fixed azimuthal roughness βa and an RGB hair
color Crgb . This enables us to optimize for an RGB hair color Crgb
instead of the absorption coefficient σ.
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We develop an iterative algorithm to find the color Crgb that
makes the color of the rendered hair match the color of the captured
hair images. We present the pseudo code of our hair color optimization in Algo. 1. Given the captured hair image I under uniform
lighting, we first extract the average color Rrgb of its hair region,
0
and initialize the color parameter Crgb
as Rrgb . Then, we compute
0
the absorption coefficient using the color parameter Crgb
, render

Input

Ours

[NWKS19]

the image of the hair I (0) , and compute the average color of the hair
region R0rgb on the rendered image. We iteratively update the color
(s)

parameter Crgb in order to close the gap between the rendered hair
(s)

color Rrgb and the groundtruth hair color Rrgb .
We assume a simple linear model on the relation between the
(s)
(s)
color of the rendered hair Rrgb and the hair color parameter Crgb :
(s)

(s)

Rrgb = a ·Crgb + b,

(12)

Figure 7: Compared to Nam et al. [NWKS19] which uses Nc = 70
cameras in the original paper, our algorithm better reconstructs the
hair geometry under sparse camera setups (Nc = 24).

(s)

where s is the iteration step number, and Rrgb is the hair color of
the rendered image. This assumption is based on the observation
that the pixel colors of the hair region consist of the constant color
part that does not change with the hair color parameter (mainly the
scalp color), and the global hair albedo that is mostly linear in the
(s)
(s)
color parameter Crgb thanks to Eq. 11. As we observe more Rrgb and
(s)

Crgb pairs, we can perform fitting based on Equ. 12, and solve the
optimal Crgb using the groundtruth hair color Rrgb . Our algorithm
can find the correct color parameter within 3 ∼ 5 iterations.

6. Evaluation

6.2. Results
We now show our full results of hair inverse rendering. Given a set
of photometric hair images, we run our algorithm to get the geometry of hair strands, the hair roughness parameter βl , and the hair
color Crgb . We then render the hair overlaid on a predefined human head model using the reconstructed geometry and reflectance
information. Rendering results of various hairstyles under uniform
light and point lights are shown in Fig. 10. Our algorithm can handle different hair styles, and the re-rendered results match with the
groundtruth on hair color, highlight shape, as well as the overall
hair styles.

6.1. Previous Work Comparison

6.2.1. Hair Roughness

We compare our algorithm with the current state-of-the-art work on
hair geometry reconstruction [NWKS19]. [NWKS19] can reconstruct strand-level accurate geometry of the hair given a dense set
of cameras (Nc = 70), while our algorithm is designed to use additional lighting for recovering both the geometry and the reflectance
from a sparse set of cameras (Nc = 24). We run both of the algorithms on our synthetic dataset, and we use the uniformly lit images
from our cameras (Nc = 24) as the input to [NWKS19]. Figure 7
shows visual comparison of the reconstructed strands. Our algorithm can reconstruct denser and more complete hair strands compared to [NWKS19]. This is because [NWKS19] relies on a large
number of camera views to eliminate outliers (non-visible camera),
while our algorithm utilizes the cues from lightings to select valid
camera candidates for 3D reconstruction.

We run our algorithm on a set of hair examples which only differ
in their longitudinal roughness, and the reconstructed results are
shown in Fig. 8. As we decrease the roughness, it becomes harder
to reconstruct the hair geometry since the highlights on the hair
strands becomes sharper and shorter (bottom-left corner). However,
in all three cases, our algorithm could estimate the longitudinal
roughness of the hair strands fairly well, and the highlight shape
of the reconstruction matches the groundtruth image in its overall
appearance.

Table 1 shows a quantitative comparison on geometry reconstruction errors following the metric in [NWKS19]. Precision
(a.k.a. accuracy) and recall (a.k.a. completeness) values are computed using the groundtruth hair geometry. τ p and τd are thresholds
for estimated position and direction of 3D points. We validate 3D
points if they satisfy both τ p and τd . F-score is defined as harmonic
mean of precision and recall. As shown in Table 1, our method can
reconstruct hair strands more accurately and completely compared
to the previous work.
© 2021 The Author(s)
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6.2.2. Hair Color
We additionally test our hair color optimization component by reconstruction of hair with different colors. As shown in Fig. 9, our
algorithm could reconstruct the fine geometry of the hair consistently well, regardless of the hair color. Moreover, our algorithm
could accurately recover the original hair color well.
6.3. Runtime
Our algorithm is implemented in Python and CUDA, and the experiments are all tested using a single NVIDIA Quadro P6000 GPU. It
takes around 30 minutes to apply our inverse rendering algorithm
on a set of synthetic hair images. For hair geometry reconstruction,
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τ p /τd
Method
Precision
Recall
F-score

Short hair
2mm / 20◦

1mm / 10◦

3mm / 30◦

1mm / 10◦

Long hair
2mm / 20◦

3mm / 30◦

Nam’19

Ours

Nam’19

Ours

Nam’19

Ours

Nam’19

Ours

Nam’19

Ours

Nam’19

Ours

46.36
3.53
6.56

42.33
15.25
22.42

78.80
12.07
20.94

86.60
44.99
59.22

85.71
23.86
37.32

96.19
67.52
79.35

33.42
3.83
6.87

32.36
25.03
28.22

69.88
9.48
16.70

75.70
57.75
65.52

85.85
16.69
27.95

88.56
73.96
80.60

Table 1: Precision and recall of the two datasets in Figure 7 with various threshold values. Our method outperforms the previous
work [NWKS19] in most threshold values.
βl = 0.2

βl = 0.4

Groundtruth

βl = 0.1

2D orientation extraction takes 700 seconds (30 seconds per camera), 3D segment generation needs 340 seconds, and strand generation and extension takes 150 seconds. For hair reflectance estimation, it takes 300 seconds to estimate the roughness, and around
800 seconds for hair color estimation.
7. Conclusions and Future Work

pred

= 0.10

pred

βl

= 0.18

pred

βl

= 0.35

Reconstruction

βl

Figure 8: Our inverse rendering results on hair with different longitudinal roughness values.

Reconstruction

Crop

Brown

Groundtruth

In conclusion, we have proposed a full pipeline for hair inverse
rendering given a set of photometric images captured from multiple cameras. This is to our knowledge the first algorithm that
both reconstructs the hair geometry and the fine-details of hair reflectance information from only images. We demonstrated that our
algorithm can reconstruct the hair geometry better compared to previous works under a sparse camera setup, and also recover the hair
reflectance properties from only a sparse set of input images.
Our hair inverse rendering algorithm is not free from limitations.
As shown in Fig. 7 and 10, our algorithm yields sub-optimal output
for the hair that is curly or long. In addition, as shown in Fig. 9, we
tend to underestimate the roughness value when hair strands have
saturated color. Another limitation is that we can only reconstruct
the outer hair strands that are visible from multiple cameras. A possible future work is to estimate the 3D flow field of the inner region
based on priors, and grow the inner hair strands to make the hair
style more complete. For reflectance recovery, we only estimate
the longitudinal roughness and assume that the azimuthal roughness is constant. A direct next step is to recover the full roughness
parameters using densely captured images.
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Figure 12: Filter responses of gabor and log-gabor filters applied
on the same pixel. Log gabor filters produce sharper peaks in the
filter response, thus can detect the hair strand direction better.

Fig 11(c), the frequency support of log-gabor filter is more concentrated to a specific direction, and its shape has more resemblance to
the pattern observed in the frequency space image.
(c) Frequency Space
Gabor Filter

(d) Frequency Space
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Figure 11: As visualized in frequency space, the log-gabor filter
contains sharper and more precise frequency support, which can
better capture the 2D orientation of the hair strands.

Figure 12 shows an example of applying the gabor and the loggabor filters on a specific pixel. As shown in the plots, the filter
response from the log-gabor filters contains much sharper peaks
than the response from the gabor filter.
Appendix B: 2D orientation results
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Appendix A: Log-Gabor Filter
We use log-gabor filter [FŠP*07] to extract the 2D orientation map
from the images. The frequency representation of a log-gabor filter
which captures the 2D line orientation θ is expressed as:
!
!
log(ρ · λ)
(φ − θ)2
Fθ (ρ, φ) = exp −
,
(13)
· exp −
2σ2λ
2σ2φ
where ρ and φ are the polar coordinates in frequency space. We use
λ = 3 because the average width of the hair strands we observe is
roughly 3 pixels. We set σλ = log(2) to tolerate the variation in the
hair width, and σφ = 2 ∗ 180◦ /128 since we have divided 180◦ into
128 bins. In other words, we have 128 log-gabor filters in our filter
bank.
Figure 11(b) shows the frequency representation of a photometric image which contains many hair strands. Since there are many
hair strands that are following the same 2D line orientation in the
image, we can observe many line-like structures emitting from the
image center. Compared to the frequency support of gabor filter in
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Computer Graphics Forum © 2021 The Eurographics Association and John Wiley & Sons Ltd.

In Fig. 13, we show our procedure of extracting 2D orientation
maps and confidence maps from photometric images. We first apply log-gabor filter on each photometric image to get the per-image
2D orientation map and the confidence map. Notice that these perimage 2D maps are sometimes inaccurate, since there are many
dark regions in the photometric images. We then collect the 2D
maps from the images taken from the same camera, and merge them
into a single 2D orientation map and a confidence map. These two
maps are later used for 3D line reconstruction.
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Figure 13: We first extract the 2D orientation map and the confidence map from each photometric image. Then we merge the 2D maps from
the same camera into a single 2D orientation map and a confidence map.
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