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(a) Input image and estimated lighting

(b) Rendered images from our method under three novel illuminations

Fig. 1. Given only a single input image taken with a standard cellphone camera of a portrait (a), our model is able to quickly (160 ms.) generate new images of
our human subject as though they are illuminated under new, previously-unseen lighting environments (b).

Lighting plays a central role in conveying the essence and depth of the subject
in a portrait photograph. Professional photographers will carefully control
the lighting in their studio to manipulate the appearance of their subject,
while consumer photographers are usually constrained to the illumination
of their environment. Though prior works have explored techniques for
relighting an image, their utility is usually limited due to requirements of
specialized hardware, multiple images of the subject under controlled or
known illuminations, or accurate models of geometry and reflectance. To this
end, we present a system for portrait relighting: a neural network that takes
as input a single RGB image of a portrait taken with a standard cellphone
camera in an unconstrained environment, and from that image produces
a relit image of that subject as though it were illuminated according to
any provided environment map. Our method is trained on a small database
of 18 individuals captured under different directional light sources in a
controlled light stage setup consisting of a densely sampled sphere of lights.
Our proposed technique produces quantitatively superior results on our
dataset’s validation set compared to prior works, and produces convincing
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qualitative relighting results on a dataset of hundreds of real-world cellphone
portraits. Because our technique can produce a 640 X 640 image in only 160
milliseconds, it may enable interactive user-facing photographic applications
in the future.
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1 INTRODUCTION

The rise of mobile computing has led to tremendous growth in the
popularity of consumer digital photography, and one of the most
popular and ubiquitous kinds of photos taken is the portrait: an
image of a human subject’s face or upper body. Portrait photogra-
phy follows in the tradition of portrait painting, where since the
renaissance artists have recognized how lighting can capture the
depth and essence of the subject on a 2D canvas [Schiitze 2015].
These ideas largely influenced professional portrait lighting tech-
niques [Schriever 1909]. In the 18th and 19th centuries, portraits
were often taken by professional photographers, who carefully con-
sidered and controlled the lighting of the scene in addition to the
pose and appearance of their subject. In the modern age of “selfies”
and candid photography, it is difficult or impossible for consumer
photographers to control the lighting of their subject — one would
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Fig. 2. Our relighting system is an encoder-decoder neural network that
takes as input a single input image and a target illumination (injected into
the bottleneck of the network), and produces as output a relit image (a). The
encoder also predicts the illumination of the input image, thereby allowing
an input image’s illumination to be recovered during encoding, modified
within the bottleneck of the network, and then decoded to produce a relit
image corresponding to, say, a rotation of the original illumination (b).

likely not consider interrupting an engagement proposal or a piano
recital to set up studio lighting. Moreover, professional-quality light-
ing often requires expertise and special equipment such as flashes,
deflectors and diffusion panels. These techniques are out of reach
for casual mobile phone photographers, whose only available light
is usually the flash built into standard consumer cameras, which
tends to produce garishly-lit results [Petschnigg et al. 2004]. These
casual photographers would benefit greatly from the ability to re-
light their portrait photos, and change the lighting of their image in
a post-processing setting to that of some other environment.

In this paper, we present a model that requires as input only a
single RGB image of a portrait of a single human subject casually
captured with a cellphone camera in natural, unconstrained lighting
(Figure 1a). Our model consists of a single deep neural network
that has been trained to take such an image as input and produces
as output a relit version of the portrait under an arbitrary user-
specified environment map (Figure 1b), in addition to predicting the
environment map corresponding to the input image (Figure 1a).

Unlike traditional [Barron and Malik 2015] and learning-based [Sen-
gupta et al. 2018] scene inference or face reconstruction algorithms,
our model does not have any explicit inverse rendering step for
estimating geometry and reflectance. Such approaches are neces-
sarily limited to what is expressible by their estimated model, such
as Lambertian reflectance and spherical harmonic illumination. In
contrast, we train a single neural network (Figure 2) to directly pro-
duce relit images from an input image and a “target” illumination —
any representation of geometry and reflectance that our model may
recover is fully learned and is represented solely in terms of internal
network activations. By training our network to directly predict a
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final image and by not imposing any physical constraints on the
implicit representation of our underlying scene (other than the con-
straints imposed by neural networks which, given enough capacity,
are known to be universal function approximators), our model is ca-
pable of capturing most of the subtleties of human facial appearance,
such as shading, scattering, specularities, and shadowing.

One could imagine our proposed model as the core component
of a user-facing system designed to enable post-capture illumina-
tion manipulation on a mobile phone. The user could relight their
portraits using various canonical or user-specified environments
(Figure 2a), similar to the popular “filters” used by social media
platforms like Instagram. Or the user could relight their image with
the environment map corresponding to the input image produced
by our model, by manually rotating or retargeting the environment
map to, for example, turn a side-lit scene into a front-lit scene (Fig-
ure 2b). In this way, our model is superficially similar to the “Portrait
Modes” already in use by Apple’s iPhone [Apple 2017] and Google’s
Pixel phone [Barron et al. 2015; Wadhwa et al. 2018] which use
learning and computer vision techniques to enable post-capture
manipulation of a camera’s physical depth-of-field. Additionally,
the iPhone X features a “Portrait Lighting” mode that adjusts the
brightness and contrast of a human subject, and darkens the back-
ground. Critically, this feature does not relight a scene — it cannot
remove or change the illumination of an input image; it can only
modify the effects of the existing illumination.

Our method is trained and validated using only real light stage
data for just 22 individuals captured from 7 different viewpoints and
under 304 lighting directions (18 individuals are used for training,
and the remaining 4 are used to validation). By training on real
data, we can preserve the subtleties of non-Lambertian reflectance
as it relates to the intricate geometry of human faces. This dataset
is used to train a novel neural network architecture for portrait
relighting, which consists of an encoder-decoder structure that has
been augmented to allow for the input image’s illumination to be
predicted from the bottleneck of the network, and allows for the
target illumination that is to be used for relighting to be injected into
the bottleneck of the network. Finally, we demonstrate convincing
“in the wild” results on portrait relighting from a single input image,
on a dataset of hundreds of casually captured cellphone portraits.

2 RELATED WORK

Portrait relighting can be seen as a special case of image relighting,
and also relates to intrinsic images and shape from shading, as well
as monocular face and scene reconstruction methods, style transfer,
photographic post-processing, and deep learning.

Image-Based Relighting: The linearity of light transport al-
lows one to take many images of a subject from the same viewpoint
under different known illuminations, and relight the subject sim-
ply by weighting and linearly combining those images [Debevec
et al. 2000]. Though effective, these techniques require hundreds
of images, a near-motionless subject, and precise control over il-
lumination. Therefore, they do not provide a solution when given
a single RGB image of an unknown subject in an unconstrained
environment. However, we show that, just as a light stage scan of a
person can be used to relight that person under any environment,



the data collected from such a light stage can be used for training
and evaluating our own portrait relighting algorithm.
Intrinsic Images and Shape from Shading: Intrinsic image
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Photographic Post-Processing: Relighting can be thought of
as a natural extension of the photometric manipulation already per-
formed by photographic image processing pipelines. Modern digital

algorithms, such as the Retinex method [Land and McCann 1971], ab- cameras carefully consider and modify the brightness, exposure,
stract away geometry and attribute image content to either shading and tone of their output images, all of which can be thought of
or re ectance. But these solutions do not enable general purpose re- as the coarse manipulation of scene lighting [Hasino et 2D16].
lighting, as they do not produce the scene geometry required for ren- Local tone-mapping, which aims to decrease the dynamic range
dering novel illuminations. Shape-from-shading solutions assume of an input image while preserving its local contrast, can also be

that materials and illumination are known or xed and attempt to
recover only geometry [Horn 1970]. But even this constrained prob-
lem formulation su ers from a variety of ambiguities [Belhumeur
et al 1999]. We compare to a recent work [Barron and Malik 2015],
which uses priors to estimate shape, illumination, and re ectance
from a single image, and we demonstrate that our algorithm has
superior relighting performance.
Monocular Scene Understanding: Monocular 3D estimation

technigues [Hoiem et al2007; Saxena et.&1009] are capable of

thought of as a coarse approximation to relighting, and has been
explored through classic algorithms [Farbman et2008; Paris et al
2011] and learning-based approaches [Gharbi et al. 2017].

Deep Learning: The revival of end-to-end trained neural net-
works in the ongoing deep learning boom, propelled by compelling
results in object recognition [Krizhevsky et a82012] and enabled
by the availability of di erentiable programming frameworks such
as Tensor ow [Abadi et al2016], has changed the research land-
scape across computer science. In particular, convolutional neural

recovering scene geometry from a single image, and though such networks [Lecun et al1989] have become critical tools in a vari-

geometry allows for lights to be syntheticallpddedto a scene
through straightforward rendering techniques, it does not provide
a means by which lights can bemovedand therefore does not
enablerelighting. Similarly, monocular illumination estimation tech-
niques [Lalonde et ak009; Gardner et a2017; Hold-Geo roy et al
2017] can recover the environment map that illuminated a single
image, but this only enables the lighting of 3D geometry that is
added to the scene and does not solve the problem of relighting
existing scene content.

Re ectance and Style Transfer: Peerstal.[2007] showed that
a at-lit facial portrait could be re-lit according to a target environ-
ment by multiplying it by an aligned image of a similar reference
face seen in the target lighting environment, divided by the ap-

ety of works related to relighting. The network proposed by Xt
al.[2018] is able to learn a relighting function that can reproduce
complicated illumination e ects, but requires ve images captured
under prede ned directional lights as input. Senguptaal.[2018]
leverages 3D morphable models as a source of synthetic training
data to train a network to regress from a face image to a Lambertian
intrinsic decomposition and spherical harmonic illumination, which
can then be used for relighting. However, the modeling assumptions
imposed by this technique limit the quality of its output render-
ings, as skin is highly non-Lambertian and real-world environment
illuminations are poorly approximated by low-order spherical har-
monic illumination. There also exist neural networks [Calian et al
2018; Gardner et a017; Hold-Geo roy et al2017] that regress

pearance of that reference face seen in at lighting. In this case, from animage (of a face, of an indoor environment, or of an outdoor
high-frequency lighting changes in the skin and hair are transferred  environment respectively) to the environment that the image was
from the reference subject, a ecting the appearance of hair and illuminated by, but these approaches do not provide a solution for
specular re ections. The technique requires a database of reference relighting. Li et al.[2018] learns to regress from a single image of
subjects (chosen manually to approximate the desired subject) to an object to a shape and spatially-varying BRDF that can then be
approximate the facial portrait. Shibt al.[2014] uses a multiscale  used to relight that object, but requires a known and constrained
technique to transfer the local image statistics of a reference facial illumination in the form of a front-facing ash, thereby preventing
portrait onto a new one, matching properties such as local con- user manipulation of any existing natural illumination of the scene,
trast and the overall lighting direction. This technique can produce and limiting the system's utility to situations in which the camera
compelling results, but is limited in how much it can change the  ash is the dominant light source and is not socially-disruptive. In
lighting, and can require manual touch-ups. Nonetheless, both of this paper, we use a neural network to directly learn a function
these techniques establish that believable relighting can be achieved for relighting images in an end-to-end fashion, without explicitly
through image processing operations based on reference images of modeling the geometry or the re ectance of the human face.
other subjects, an idea which is at the core of our technique as well.

Face Reconstruction and Relighting: Using a morphable model
of faces allows for relighting under certain circumstances [Blanz 3 LEARNING RELIGHTING FOR PORTRAITS
and Vetter 1999]. But relying on a highly specialized model of faces Given a single high-resolution portrait image taken under a natural
results in poor performance when presented with non-generic faces environment, we want to change only the illumination of the image
or expressions, or with the non-face content that is common in to another speci ed lighting environment while keeping the sub-
portraits such as glasses, shoulders, or hair. The method ofeé8hu  ject of the portrait image the same. We assume that the portrait is

al.[2018] builds upon these morphable models to speci cally tar-
get single-image portrait lighting transfer with compelling results,

though the proposed system does not allow for general purpose re-

lighting with any environment map, and shares the aforementioned
limitations of a basic morphable model-based approach.

taken roughly from the front-facing direction, withint20degrees
of deviation from the center, and that the lights are distant from the
subject. In addition to a relitimage, we want our model to predict
the illumination of the input portrait image. Formally, given the
source portrait imagels and the target lightingLt, we want to
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