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Abstract

Lighting is crucial for portrait photography, yet the
complex interactions between skin and incident light
are expensive to model computationally in graphics and
hard to reconstruct analytically via computer vision.
Instead, to allow fast and controllable reflectance and
lighting editing, we form a physically-based decomposi-
tion through deep learned priors from path-traced por-
trait images. Previous approaches use simplified ma-
terial models or low-frequency or low-dynamic-range
lighting struggle to model specular reflections, or relight
directly without intermediate decomposition. Instead,
we estimate surface normal, skin albedo and roughness,
and high-frequency HDRI maps, and propose an archi-
tecture to estimate both diffuse and specular reflectance
components. In experiments, we show that this ap-
proach can better represent the true appearance func-
tion than simpler baseline methods, leading to better
generalization and higher-quality editing. Data, code,
and results: https://github.com/brownvc/phaced.
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1. Introduction

Lighting is a crucial factor in successful portrait photog-
raphy. Photographers set up studio lights and reflectors to
enhance the appearance of subjects, with careful considera-
tion for the appearance of skin to avoid unwanted gloss and
highlights. For casual camera users, this level of control is
difficult to achieve. Editing lighting and material appear-
ance after a photo has been taken might simplify the cre-
ation process for novices, but current tools require manual
operation and skill to produce convincing effects.

Decomposing an image into useful channels could help
the portrait manipulation task. Under Lambertian re-
flectance assumptions, intrinsic decomposition separates
the material color—the albedo—from the received illumi-
nation at each pixel of an image. This allows edits and
recombination with novel lighting or materials. However,
faces are not Lambertian, and require complex lighting and
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material models to more accurately decompose an image
into useful intermediate channels. Further, such decomposi-
tions are ill-posed, and so must consider how to incorporate
assumptions or priors to produce plausible answers.

Our work focus on the problem of single image face de-
composition using physically-based lighting and material
models. First, we consider diffuse and specular reflectance
under a Cook-Torrance SVBRDF model, consisting of sep-
arate skin albedo, and specular scaling coefficient (p) and
roughness (1m) maps. Next, we consider that high-dynamic-
range lighting with high spatial frequency is critical for
specular appearance. As such, we create realistic synthetic
data using real-world face geometry captures, real-world re-
flectometer measurements of skin, and real-world HDRI il-
lumination with self-shadowing via path tracing.

To produce plausible decompositions, we supervise
training of a deep neural network to estimate from a single
face image a normal map, albedo map, specular scaling and
roughness maps, and an approximate HDR incoming light-
ing map. Then, as realistic shadowing and glossy reflec-
tion rendering is computationally expensive, we use these
physically-based maps to predict diffuse shading and spec-
ular maps given the lighting as conditioning information.
Finally, we reconstruct the outputs using our image for-
mation model. Each intermediate image formation model
component (and so network architecture) can be supervised
explicitly for stability, with final end-to-end fine tuning.

We operate directly on linear HDR images as specular il-
lumination components are often clipped/saturated in LDR
images. This allows more accurate specular reconstruction,
Linearity also makes our decompose-edit-compose pipeline
possible without introducing any non-linear errors due to
tone mapping, which eases later editing and compositing.
For instance, such a decomposition allows relighting with
plausible specular highlights, along with shading editing
and gloss and sharp specular highlight editing. In compar-
isons to baselines with simpler lighting and material mod-
els, and to pure relighting methods that do not decompose
to intermediate maps, our method is better able to repro-
duce specularity and shading, and so provide more control
in editing and more accurate relighting.

In short, our work argues that portrait editing can benefit
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Reflectance Model Illumination Model Geometry Representation  Self-Shadow Code Data Input Image
Method Yes/No? Released? Released? LDR/HDR?
Yamaguchi et al. [37] Textures; explicit  De-lighting only; implicit 3DMM® + Displacement map NA No No LDR
Lattas et al. (AvatarMe) [19] Textures; explicit ~ De-lighting only; explicit 3DMM® + Displacement map NA No Yes LDR
Dib et al. [9] BSDF; explicit Area lights; explicit 3DMM Yes No No LDR
Mallikarjun et al. [22] Reflectance field rep. OLAT basis; explicit 3DMM Yes No No LDR
Smith et al. (AlbedoMM) [29] BSDF; explicit SH2; explicit 3DMM No Yes No LDR
Zhou et al. (DPR) [41] Lambertian; implicit SH2; explicit Normals No Yes Yes LDR
Sun et al. [30] None; implicit ~ Environment map; explicit None Implicit No No HDR
Hou et al. [12] Lambertian; implicit SH2; explicit 3DMM Yes Yes Yes LDR
Sengupta et al. (SfSNet) [28] Lambertian; explicit SH2; explicit Normals No Yes Yes LDR
Nestmeyer et al. [23] Lambertian+Residual; explicit ~ Directional Light; implicit Normals Yes No No HDR
Wang et al. [33] BSDF; explicit ~ Environment map; explicit Normals Yes No No LDR
Ours BSDF; explicit Environment map; explicit Normals Implicit Yes Yes HDR

Table 1. Comparison of closely-related state-of-the-art face appearance modeling methods. 4 : proxy for UV unwrapping. The table

was created based on our best-effort understanding of published methods from their papers and presentations. The first block defines
techniques that estimate explicit geometry; the second block are ‘direct’ relighting methods without decomposition; the third block are 2D

decomposition methods and are most closely related to our work.

from learning priors for decompositions through physically-
based image formation models. Our contributions are:

* A realistic synthetic face image generation pipeline us-
ing public available face assets, creating a high qual-
ity synthetic face dataset with specularity and self-
occlusions under varying lighting conditions,

* A method to decompose HDR image via a physically-
based image formation model, allowing editing of
properties like spatially-varying specular gloss.

Our work helps to shed light on how to accomplish accu-
rate image decomposition without access to expensive light
stage captures. We will release our source code and dataset
for further research in the community.

2. Related work

We discuss classic and recent methods that address
closely-related problems. We also provide an additional
table of closely-related work (Table 1), This relates re-
flectance models, illumination models, geometry models,
and model features, as well as whether code and data are
available for each technique.

Intrinsic decomposition These commonly assume clas-
sic monochromatic illumination (MI) [2] or Retinex con-
straints [18]. Li et al. [20] used statistics of skin reflectance
and facial geometry as constraints in an optimization for
intrinsic components. Recently, end-to-end learning ap-
proaches embed priors in neural networks via synthetic im-

ages [15, 21]. Better results can be achieved with hybrid
training of synthetic and real data [28] or with high-quality
real images [23, 33].

Skin reflectance models Face appearance modeling is
well-studied in computer graphics. One common ap-
proach is the Torrance-Sparrow specular BRDF, as used by
Weyrich et al. [35] to develop an analytic spatially-varying

face rendering model with measured skin data. Recent anal-
ysis works employ it. For example, based upon 3DMM face
geometry, Smith et al. [29] build a statistical model for hu-
man face appearance including both diffuse and specular
albedo. Subsurface scattering is an additional skin appear-
ance component [24] that is computationally expensive to
model; similar to most concurrent works, we do not assume
this appearance factor in our model.

Face decomposition With capture setups like light stages,
recent approaches have trained deep neural networks to esti-
mate physically-based reflectance from monocular images,
usually in a supervised manner [37, 28, 5, 23, 19, 33]. Sen-
gupta et al. [28] assume Lambertian reflectance, while Nest-
meyer et al. [23] and Wang et al. [33] predict specularity
in addition, though not with a decomposed skin model. Ya-
maguchi et al. [37] and Lattas et al. [19] trained deep neural
networks to infer high-quality geometry, diffuse, specular
albedo, and displacement map from a single image but do
not explicitly model illumination. In our work, we avoid the
problem of geometry estimation and work only in screen
space with normal maps. Finally, differentiable ray tracing
can produce accurate reconstructions [10] with more real-
istic self-shadows and without large databases, though it is
computationally expensive.

Lighting representation Spherical harmonics (SH) cap-
ture low-frequency signals efficiently for fast rendering
[26, 1], and have been used at 2nd order to cheaply model
the irradiance onto the face for diffuse shading [25]. Zhou et
al. [41] use SH illumination to learn to relight a single input
face image. For more accurate decompositions, Kanamori
etal. [16] precompute light occlusion in the SH formulation
directly for human body relighting.

Environment maps store sampled light and are often in
a high dynamic range (HDR) for image-based lighting [&].
Many face works choose this representation as it can sample
high-frequency signals, though deep learning models often






