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Abstract—3D lighting environment is an important clue in
an image that can be used for image forgery detection. Existing
forensic methods exploring lighting environment consistency are
based on many assumptions, among which convexity and constant
reflectance of the surface are two critical ones. In this paper, we
propose an improved 3D lighting environment estimation method
based on a more general surface reflection model. We relax
the two assumptions by incorporating the local geometry and
texture information into our position dependent reflection model.
The proposed model is more realistic for objects like human
faces which are non-convex and textured. Experiments show that
the proposed method can achieve improved lighting environment
estimation accuracy compared to the previous method and has
better forgery detection efficacy.

I.

I NTRODUCTION

With the exploding increase of digital images online and
the fast evolution of easy-to-use image editing softwares such
as Photoshop, how to distinguish fake images from pristine
ones becomes a serious problem. Due to the complexity of
digital images, there does not exist a universal method that
can accurately detect all kinds of forgeries. Consequently, a
set of forensic tools based on different clues are proposed in
the literature. Among them, a kind of physically based methods
that investigates the consistency of lighting environment in a
questioned image has attracted particular attentions [1–7].
The work [1] is the first attempt to leverage lighting direction clue for image forensics, in which the lighting direction
is estimated from the shading profile along the object contour.
In [2], the authors extend [1] by normalizing the reflectance of
different materials, hence extending the usable normal angle
variation on the object contour. However, [1, 2] only estimate
a simple light source direction and has 3D ambiguity. To
estimate complex lighting environment rather than a simple
direction, in [3], spherical harmonics are employed to represent
the lighting environment. Still, this method can only estimate
2D lighting condition due to the lack of 3D surface normal
information. Based on [3], the work [4] proposes to estimate
the 3D lighting environment by using 3D normal and shading
information on a human face. Later, [5] extends [4] by estimating an arbitrary object’s 3D shape using a shape from shading
method. However, the accuracy of the shape estimation method
for the arbitrary object in a real scene image is in question.
The most recent work [6] introduces human guidance for 3D
surface normal determination and also incorporates uncertainty
modeling, but this method also needs some human labor and
only determines a single light source direction. Apart from
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the lighting direction, the lighting color clue can also be used
for image forensics [7]. All of these previous techniques have
made it more time-consuming, if not impossible, for a skilled
forger to create a lighting-consistent image that can escape the
inspection of forensic tools.
In this paper, we focus on more accurately estimating the
lighting environment from surface shading to improve image
forgery detection efficacy. The estimation of lighting condition
from an image is a problem called inverse rendering or more
specifically inverse lighting [8]. In the inverse lighting task,
the imaged object’s 3D geometry is assumed known and a
physical model of its surface reflection is employed to estimate
the lighting condition. Because of the high degree of illposedness, many assumptions have to be made. Two critical
assumptions made by the previous shading-based forensic
methods [3, 4] are convexity and constant reflectance (no
texture) of object surface. However, these assumptions do not
always hold true. Human face is a negative example, which
is non-convex and textured. In this paper, we attempt to relax
the two assumptions by implicitly incorporating local geometry
information and texture information into the transfer functions
of facial sampling points. Experiments on both synthetic and
real face images show that the proposed method can achieve
better accuracy on lighting environment estimation compared
with the previous method. Thus, our method is more reliable
for forensic usage.
II. R EFLECTION M ODEL FOR
T EXTURED N ON - CONVEX S URFACE
A. Reflection Equation
The reflection equation indicates how an object’s surface
reflects light that reaches to it. Generally, it is related to
environment light, surface material, texture and geometry. As
shown in [8], the reflection equation can be expressed using
spherical integral as:
⃗ 𝜃 ′ , 𝜙′ ) =
𝐵(𝑋,
𝑜
𝑜
∫
′
′ ′
′
′
′
⃗ 𝜃𝑖 , 𝜙𝑖 )𝑇 (𝑋)𝜌(𝜃
⃗
𝐿(𝑋,
𝑖 , 𝜙𝑖 , 𝜃𝑜 , 𝜙𝑜 ) cos 𝜃𝑖 𝑑𝜔𝑖

(1)

Ω′𝑖 ∣𝜃𝑖′ < 𝜋
2

In this equation, 𝐵 is the reflected radiance, 𝐿 is the incident
radiance, i.e. illumination, 𝜌 is the bi-directional reflection distribution function (abbreviated as BRDF in the following) and
⃗ is
𝑇 is a texture term modulating the BRDF. The parameter 𝑋
the 3D surface point position. 𝜃, 𝜙 are respectively the zenith
and azimuth angle in spherical coordinates and the subscripts
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𝑖, 𝑜 represent incident and outgoing directions as shown in Fig.
1 (a). Note that the integral is over the upper hemisphere, since
the light behind is occluded by itself. The unprimed parameters
are measured in a global reference coordinate frame, while the
primed ones are measured in the local coordinate frame whose
⃗ as shown in Fig. 1 (b).
𝑍 ′ axis is the surface normal at 𝑋
Note that (𝜃, 𝜙) and (𝜃′ , 𝜙′ ) are the same physical direction,
but measured in different coordinate frames. We denote the
rotation transformation from local to global parameterization
as (𝜃, 𝜙) = 𝑅𝛼,𝛽 (𝜃′ , 𝜙′ ). The reason for adopting different
coordinate systems to parameterize different functions is for
physically natural expression. For example, a lighting function
is well defined in the fixed global coordinate, while the BRDF
function is usually expressed in the local frame of the surface
point. However, we may also change the parameterizations
from (𝜃, 𝜙) to (𝜃′ , 𝜙′ ) or vice versa for deducing convenience,
since the two expressions indicate the same physical direction.

Here we use the primed function 𝐴′ to stress that this function’s angle parameters are measured in the local coordinate
frame. Note that the integration is now over the entire sphere
surface, since the transfer function is clamped.
With the Lambertian surface assumption, which means the
reflected radiance in each direction is identical, we can drop
the dependence on (𝜃𝑜′ , 𝜙′𝑜 ) in 𝐴′ and 𝐵. This leads to:
∫
⃗
⃗ 𝜃′ , 𝜙′ ) 𝑑𝜔 ′
𝐵(𝑋) =
𝐿(𝜃𝑖 , 𝜙𝑖 )𝐴′ (𝑋,
(5)
𝑖
𝑖
𝑖
Ω′𝑖

Like in [3], by assuming the pixel intensity 𝐼 to be identical
to the reflected radiance 𝐵, we have:
∫
⃗ =
⃗ 𝜃𝑖′ , 𝜙′𝑖 ) 𝑑𝜔𝑖′
𝐼(⃗𝑥) = 𝐵(𝑋)
𝐿(𝜃𝑖 , 𝜙𝑖 )𝐴′ (𝑋,
(6)
Ω′𝑖

⃗ The Equation
where ⃗𝑥 is the projected pixel coordinate of 𝑋.
(6) is the surface reflection model used in the rest of the paper.
Note that this model is under the assumption of distant light,
Lambertian surface and linear camera response.
The previous work [3, 4] has another two assumptions
which are convex surface geometry and constant surface reflectance, i.e. untextured surface, which make it a special case
of our reflection model. Under these two more assumptions,
⃗
the transfer function 𝐴′ becomes independent of position 𝑋.
It is simply a scaled clamped cosine function [8] as:
𝐴′ (𝜃𝑖′ ) = 𝜌ˆ max(cos(𝜃𝑖′ ), 0)

(a)

(b)

Fig. 1. (a) indicates the incident and outgoing light directions represented
in local coordinate frame. (b) shows global and local coordinate frames and
their rotation relation. The 𝛾 angle is fixed to zero. Illustrations are from [9].

Under the assumption of distant light, i.e. the lighting
function at each space position is identical if it is not occluded
⃗ 𝜃𝑖 , 𝜙𝑖 ) term into two parts
at all, we can further divide the 𝐿(𝑋,
as:
⃗ 𝜃𝑖 , 𝜙𝑖 ) = 𝐺(𝑋,
⃗ 𝜃𝑖′ , 𝜙′𝑖 )𝐿(𝜃
ˆ 𝑖 , 𝜙𝑖 )
𝐿(𝑋,
(2)
⃗ 𝜃′ , 𝜙′ ) indicates the local geometry information at
Here, 𝐺(𝑋,
𝑖
𝑖
⃗
position 𝑋. It equals to one if the incident light along direction
(𝜃𝑖′ , 𝜙′𝑖 ) can reach to 𝑋 and zero if the light is occluded by
the object itself. Note that we only consider self-occlusion
resulting from non-convexity in this paper and occlusions by
other objects are not considered here. By doing this, we make
ˆ independent of point position
the distant lighting function 𝐿
𝑋, which is convenient for the following estimation of lighting
environment. For expression briefness, we will use 𝐿(𝜃𝑖 , 𝜙𝑖 )
ˆ 𝑖 , 𝜙𝑖 ) in the following. Substituting Equation (2)
instead of 𝐿(𝜃
into (1), we obtain:
∫
⃗ 𝜃 ′ , 𝜙′ ) =
⃗ 𝜃 ′ , 𝜙′ )
𝐵(𝑋,
𝐿(𝜃𝑖 , 𝜙𝑖 )𝐺(𝑋,
𝑜
𝑜
𝑖
𝑖
Ω′𝑖 ∣𝜃𝑖′ < 𝜋
(3)
2
′
′ ′
′
′
′
⃗
𝑇 (𝑋)𝜌(𝜃𝑖 , 𝜙𝑖 , 𝜃𝑜 , 𝜙𝑜 ) cos 𝜃𝑖 𝑑𝜔𝑖
Then, by merging 𝐺, 𝑇 , 𝜌 and a clamped cosine factor
max(cos 𝜃𝑖′ , 0) into a single transfer function 𝐴′ , we have:
∫
⃗ 𝜃𝑜′ , 𝜙′𝑜 ) =
⃗ 𝜃𝑖′ , 𝜙′𝑖 , 𝜃𝑜′ , 𝜙′𝑜 ) 𝑑𝜔𝑖′ (4)
𝐵(𝑋,
𝐿(𝜃𝑖 , 𝜙𝑖 )𝐴′ (𝑋,
Ω′𝑖

(7)

However, the convex assumption does not hold well for objects
like human faces, especially when the light comes from lateral
directions and the nose casts shadows. The constant reflectance
assumption also does not hold well for human faces when
there is heavy facial hair or skin imperfections like pimples.
Hence, we propose to adopt the more general reflection model,
i.e. Equation (6), to more accurately estimate the illumination
environment from nonconvex and textured faces.
B. Spherical Harmonics Representation
It is usually convenient to represent the lighting environment function in spherical harmonics which are the analog on
a sphere to the Fourier basis on a line or a circle. They form
an orthogonal basis for the set of all functions on the sphere
surface [9, 10]. Any function defined on a sphere surface
𝐹 (𝜃, 𝜙) can be represented by spherical harmonics as:
𝐹 (𝜃, 𝜙) =

+𝑛
∞ ∑
∑

𝑓𝑛,𝑚 𝑌𝑛,𝑚 (𝜃, 𝜙)

(8)

𝑛=0 𝑚=−𝑛

where 𝑓𝑛,𝑚 is called the harmonic coefficient of 𝐹 . A spherical
harmonic is denoted as 𝑌𝑛,𝑚 . The indices follow 𝑛 ≥ 0 and
−𝑛 ≤ 𝑚 ≤ 𝑛, so there are 2𝑛 + 1 basis functions for a
given order 𝑛. To show the relation between the harmonic
coefficients of the same physical function expressed in two
different coordinate frames, which are not necessarily the
global and local frames, we denote:
𝐹 (𝜃, 𝜙) =

+𝑛
∞ ∑
∑

𝑓𝑛,𝑚 𝑌𝑛,𝑚 (𝜃, 𝜙) = 𝐹 (𝑅𝛼,𝛽 (𝜃′ , 𝜙′ ))

𝑛=0 𝑚=−𝑛
+𝑛
∞ ∑
∑
′

= 𝐹 ′ (𝜃′ , 𝜙 ) =

𝑛=0 𝑚=−𝑛

(9)
′
𝑓𝑛,𝑚
𝑌𝑛,𝑚 (𝜃′ , 𝜙′ )

Note 𝐹 (𝜃, 𝜙) and 𝐹 ′ (𝜃′ , 𝜙′ ) are the same physical function.
′
The relation between 𝑓𝑛,𝑚 and 𝑓𝑛,𝑚
is shown [11] to be:
𝑓⃗𝑛 = 𝑀 𝑛 𝑓⃗𝑛′

𝑓𝑛,𝑚 =

or

𝑓⃗𝑛′ = (𝑀 𝑛 )𝑇 𝑓⃗𝑛

′
𝑓𝑛,𝑚
=

or

+𝑛
∑
𝑚′ =−𝑛
+𝑛
∑

𝑛
′
𝑀𝑚𝑚
′ 𝑓𝑛,𝑚′

(10)

𝑛
𝑀𝑚
′ 𝑚 𝑓𝑛,𝑚′

(11)

𝑚′ =−𝑛

where 𝑓⃗𝑛 and 𝑓⃗𝑛′ denote the 𝑛th order coefficients as vectors.
𝑛
𝑛
𝑀𝑚𝑚
in the 𝑚th row and
′ denotes the element of matrix 𝑀
′
𝑛
𝑚 th column. 𝑀 is a (2𝑛 + 1) × (2𝑛 + 1) orthogonal matrix.
It should be noted that 𝑀 𝑛 is actually dependent on (𝛼, 𝛽) as
𝑀 𝑛 (𝛼, 𝛽), but we omit it for briefness. The element of 𝑀 𝑛 can
be obtained as a projection of a harmonic basis onto another
coordinate frame’s harmonic bases using symbolic integration:
∫
𝑛
𝑀𝑚𝑚′ =
𝑌𝑛,𝑚 (𝜃, 𝜙)𝑌𝑛,𝑚′ (𝜃′ , 𝜙′ ) 𝑑𝜔 ′
(12)
Ω

C. Intensity as Inner Product
In this subsection, we show how to represent intensity function 𝐼 using spherical harmonics. We begin with representing
both the illumination function and the transfer function in
spherical harmonics and substituting them into Equation (6),
which derives:
∫ ∑
+𝑛
∞ ∑
𝐼(⃗𝑥) =
[
𝑙𝑛,𝑚 𝑌𝑛,𝑚 (𝜃𝑖 , 𝜙𝑖 )]⋅
Ω′𝑖 𝑛=0 𝑚=−𝑛
+𝑝
∞ ∑
∑

[

𝑝=0 𝑞=−𝑝

(13)

⃗ 𝑝,𝑞 (𝜃𝑖′ , 𝜙′𝑖 )]
𝑎′𝑝,𝑞 (𝑋)𝑌

𝑑𝜔𝑖′

′

Ω𝑖 𝑛=0 𝑚=−𝑛
+𝑞
∞
∑ ∑
⃗ 𝑝,𝑞 (𝜃𝑖′ , 𝜙′𝑖 )] 𝑑𝜔𝑖′
[
𝑎′𝑝,𝑞 (𝑋)𝑌
𝑝=−𝑞
𝑝=0
+𝑝
∞ ∑
+𝑛 ∑
∞ ∑
∑
′
⃗
=
𝑙𝑛,𝑚
𝑎′𝑝,𝑞 (𝑋)⋅
𝑛=0 𝑚=−𝑛 𝑝=0 𝑞=−𝑝

=

Ω′𝑖
∞
∑

𝑌𝑛,𝑚 (𝜃𝑖′ , 𝜙′𝑖 )𝑌𝑝,𝑞 (𝜃𝑖′ , 𝜙′𝑖 ) 𝑑𝜔𝑖′
+𝑛
∑

𝑛=0 𝑚=−𝑛

′
⃗ = ⃗𝑙′ T ⋅ 𝑎⃗′ (𝑋)
⃗
𝑙𝑛,𝑚
𝑎′𝑛,𝑚 (𝑋)

(14)

where ⃗𝑙′ and 𝑎⃗′ denote the harmonic coefficients as vectors.
′
By applying Equation (11) to 𝑙𝑛,𝑚
, we have:
𝐼(⃗𝑥) =
=

+𝑛
∞ ∑
∑
𝑛=0 𝑚=−𝑛
+𝑛
∞
∑
∑

+𝑛
∑

𝑛
′
⃗
𝑀𝑚
′ 𝑚 𝑙𝑛,𝑚′ 𝑎𝑛,𝑚 (𝑋)

𝑚′ =−𝑛
+𝑛
∑

𝑛=0 𝑚′ =−𝑛 𝑚=−𝑛

𝑛
′
⃗
𝑙𝑛,𝑚 𝑀𝑚𝑚
′ 𝑎𝑛,𝑚′ (𝑋)

𝐼(⃗𝑥) =

(15)

+𝑛
∞ ∑
∑

⃗ = ⃗𝑙T ⋅ ⃗𝑎(𝑋)
⃗
𝑙𝑛,𝑚 𝑎𝑛,𝑚 (𝑋)

(16)

𝑛=0 𝑚=−𝑛

From Equation (14) and (16), we notice that the image
intensity at ⃗𝑥 is simply the inner product of the illumination
coefficients and transfer coefficients when they are represented
in the same coordinate frame.
In fact, the spherical harmonics representation for reflection
equation used in [3, 4] is just a special case of Equation
(15). As discussed in Section II-A, under the assumption of
convex and untextured surface, the transfer function, which is
shown in Equation (7), has no azimuthal dependence. Hence,
its harmonic coefficients with 𝑚′ ∕= 0 will vanish, simplifying
equation (15) to:
𝐼(⃗𝑥) =

+𝑛
∞ ∑
∑
𝑛=0 𝑚=−𝑛

𝑛
𝑙𝑛,𝑚 𝑀𝑚0
𝑎′𝑛,0

(17)

𝑛
, which actually is
It is shown in [9] that the factor 𝑀𝑚0
a function
of
normal
vector
direction
(𝛼,
𝛽), simply equals
√
to 4𝜋/(2𝑛 + 1)𝑌𝑛,𝑚 (𝛼, 𝛽). Adopting this in Equation (17)
obtains:
∞ ∑
+𝑛 √
∑
4𝜋
𝐼(𝛼, 𝛽) =
𝑙𝑛,𝑚 𝑎′𝑛,0 𝑌𝑛,𝑚 (𝛼, 𝛽) (18)
2𝑛
+
1
𝑛=0 𝑚=−𝑛

This is the spherical harmonic representation of image intensity
used in previous work [3, 4]. We can see that the proposed
representation in Equation (16) is a more general model which
employs a position-dependent transfer function that accounts
for non-convex geometry and surface texture.
III.

By representing 𝐿 in local coordinate using Equation (9) and
then applying orthogonality of spherical harmonics, we have:
∫ ∑
∞ ∑
+𝑛
′
[
𝑙𝑛,𝑚
𝑌𝑛,𝑚 (𝜃𝑖′ , 𝜙′𝑖 )]⋅
𝐼(⃗𝑥) =

∫

Then, by applying Equation (10), we have:

3D L IGHTING E STIMATION FROM FACES

A. Lighting Coefficients Estimation
As in the previous work [4], we also only use the first
two orders of harmonic coefficients, which have nine terms in
total, to approximate Lambertian reflection. If we can obtain
the transfer function coefficients at some sampling points on
a surface, we can use Equation (16) to derive:
⎡
⎤
⃗ 1 ) 𝑎1,−1 (𝑋
⃗ 1 ) ⋅ ⋅ ⋅ 𝑎2,2 (𝑋
⃗ 1 ) ⎡ 𝑙 ⎤ ⎡𝐼(⃗𝑥 )⎤
𝑎0,0 (𝑋
0,0
1
⎢𝑎0,0 (𝑋
⃗ 2 ) 𝑎1,−1 (𝑋
⃗ 2 ) ⋅ ⋅ ⋅ 𝑎2,2 (𝑋
⃗ 2 )⎥ ⎢𝑙1,−1 ⎥ ⎢𝐼(⃗𝑥2 )⎥
⎢
⎥⎢
=⎢ . ⎥
⎢
⎥ ⎣ .. ⎥
..
..
..
..
⎣
⎦
.
. ⎦ ⎣ .. ⎦
.
.
.
𝑙2,2
𝐼(⃗𝑥𝑞 )
⃗ 𝑞 ) 𝑎1,−1 (𝑋
⃗ 𝑞 ) ⋅ ⋅ ⋅ 𝑎2,2 (𝑋
⃗ 𝑞)
𝑎0,0 (𝑋
(19)
⃗
⃗
𝐴 𝑙 = 𝑏 (20)
where the matrix 𝐴 contains transfer coefficients for 𝑞 sampling points on the surface, the vector ⃗𝑙 is the lighting coefficients to be estimated and the vector ⃗𝑏 contains the intensities
at the 𝑞 image pixels corresponding to the 3D sampling points.
We obtain ⃗𝑏 from only the green channel in our experiments.
The lighting coefficients can be estimated as a least-squares
solution:
⃗𝑙 = (𝐴𝑇 𝐴)−1 𝐴𝑇 ⃗𝑏
(21)
For the commonly investigated case of human face images,
we will elaborate on how to establish 2D-3D correspondence
⃗ and how to obtain transfer coefficients in 𝐴
between ⃗𝑥 and 𝑋
for each sampling point in the next two subsections.

B. 3D Face Alignment
In the previous work [4], the authors align 3D face model
with 2D image by maximizing the dense correlation between
the image and the rendered model. Their technique requires
an initial manual rotation and a brute force search over
the parameter space, which is likely to be time-consuming.
Different from their approach, in this paper, we employ a more
efficient sparse correspondence method. Specifically, we detect
several facial landmark points in the image and minimize the
distance between them and the projected points of their 3D
correspondence.

⃗ of each
which is composed of transfer coefficients 𝑎𝑛,𝑚 (𝑋)
sampling point. Inspired by [14], we fit the transfer coefficients
using face images under known different directions of distant
lighting. However, in most situations, it is not possible to
obtain these images of the real person. Hence, we propose
to fit the transfer coefficients by using synthetic images of the
person’s reconstructed 3D face model. In our experiments, we
render frontal face images with 42 distant lighting directions
that are uniformly sampled from the solid angle space. These
synthetic images are rendered with a single distant light source
using the pbrt software [15] and some sample images are
shown in the top panel of Fig. 3. The untextured images in
the bottom panel are used for comparison, which we elaborate
in the experiments section.

Fig. 2. 23 detected facial landmarks and the alignment result by superimposing the projection of the 3D point cloud on the image.

The facial landmark detection method we use is from [12]
and its Matlab executable is publicly available. The method can
robustly detect 49 facial landmarks, but we only select 23 of
them whose positions are relatively stable as shown in Fig. 2.
We manually select the corresponding facial landmarks on the
3D face model and obtain their 3D coordinates. This manual
selection procedure can be done only once, if we use a general
3D face model and align it to all face images. To achieve the
best accuracy, a specific 3D head model of the person should
be used, which can be reconstructed from a face image using
FaceGen [13]. With a pinhole camera model, we have:
⃗
⃗𝑥 = 𝐾(𝑅∣⃗𝑡)𝑋

(22)

⃗ are the homogeneous coordinates of 2D and 3D
where ⃗𝑥 and 𝑋
facial landmarks. 𝐾, 𝑅, ⃗𝑡 are respectively the camera intrinsic
matrix, the rotation matrix and the translation vector of the
head. We minimize the alignment error which is defined as:
𝐸(𝑅, ⃗𝑡) =

𝑁
∑

ˆ𝑖 − 𝐾(𝑅∣⃗𝑡)𝑋
⃗𝑖 ∥
∥ ⃗𝑥

(23)

𝑖=1

ˆ is the
where 𝑁 is the number of facial landmarks and ⃗𝑥
detected 2D facial landmark. For the intrinsic matrix 𝐾, we
assume that the principle point is at the image center and
that the focal length is known from the image metadata or
just equal to a common value. Equation (23) is a non-linear
least square problem and can be minimized using LevenbergMarquardt algorithm. An example of alignment result on a
synthetic image is shown in Fig. 2. By aligning the 3D face
model to the face image, we can obtain each facial sampling
⃗ corresponding intensity 𝐼(⃗𝑥) which is needed in
point 𝑋’s
Equation (19) for lighting estimation.
C. Transfer Coefficients Fitting
To estimate the lighting coefficients, we also need to
obtain the transfer coefficient matrix 𝐴 in Equation (21),

Fig. 3. Synthetic frontal images of the textured and untextured 3D face
models with different lighting directions.

With the known setting parameters for image rendering,
we can obtain the correspondence between 3D sample points
⃗ we have:
and 2D image pixels. For a specific position 𝑋,
⎡ 𝑓
⎤
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⃗ = ⃗𝑏(⃗𝑥)
𝐿 ⃗𝑎𝑓 (𝑋)

(25)

where the matrix 𝐿 contains the lighting coefficients for
⃗ is the to-bedifferent lighting directions, the vector ⃗𝑎𝑓 (𝑋)
⃗
fitted transfer coefficients at position 𝑋 in frontal pose and the
vector ⃗𝑏(⃗𝑥) is the image intensities at the corresponding pixel
⃗𝑥 under 𝑝 different lighting directions. In our implementation,
we use 𝑝 = 42. The least-squares solution to Equation (25) is:
⃗ = (𝐿𝑇 𝐿)−1 𝐿𝑇 ⃗𝑏(⃗𝑥)
⃗𝑎𝑓 (𝑋)

(26)

Equation (26) shows how to fit transfer coefficients for
sampling points on frontal faces in the global coordinate frame.
However, because faces have different poses in questioned
pictures, we must recalculate the coefficients for the rotated
transfer function in the same global frame. By denoting the
⃗ and
rotated transfer coefficients on the posed face as ⃗𝑎(𝑋)
applying similar analysis with Equation (9), we have:
⃗ = 𝑀 𝑇 ⃗𝑎𝑓 (𝑋)
⃗
⃗𝑎(𝑋)

(27)

where 𝑀 is a block diagonal matrix composed of 𝑀 𝑛 in
⃗ into the
Equation (12). Eventually, we substitute each ⃗𝑎(𝑋)
rows of matrix 𝐴 and use Equation (21) to estimate the lighting
coefficients from posed faces.

IV.

E XPERIMENTS

We experiment on both synthetic and real image datasets
to show the efficacy of the proposed method. The synthetic
dataset is composed of 500 rendered images of a head model
in random near frontal poses and with known random lighting
directions as shown in Fig. 4 (a). The lighting condition for
each image consists of a constant ambient light and a random
distant light source that is constrained to be behind the camera
or in front of the face. The real image dataset is from the
Yale Face Database B [16] which consists of images of 10
individuals with varying known lighting directions and varying
poses. These images are acquired using a geodesic lighting
rig with fixed computer controlled strobe lights in different
directions. Some sample images of this dataset can be seen in
Fig. 4 (b). We use the frontal pose images of all 10 individuals
and also select the images with lighting direction in front of
the face for experiment. This results in 49 images for each of
the 10 individuals.

environments and 𝑄 is a 9×9 matrix [3]. The distance measure
is in a range of 0 to 1.
We compare the lighting estimation accuracy of the proposed method with Kee & Farid’s method [4] on both datasets.
To evaluate how the relaxation of convexity and then constant
reflectance assumption progressively improve the estimation
accuracy, we first fit the transfer coefficients using rendered
images of the untextured grey face models and then using
the textured ones. The two kinds of images can be seen in
Fig. 3. The former configuration only considers the geometry
information of the face model, while the latter one also
incorporates texture information. It should be noted that neither
of the two kinds of information is incorporated in Kee &
Farid’s method. The distributions of the errors on both datasets
are shown in Fig. 5, with “Untextured” indicates the former
configuration and “Proposed” indicates the latter configuration.
The mean errors for Kee &Farid’s and for the proposed method
are respectively 0.056 and 0.033 on the synthetic dataset. The
mean errors are 0.082 and 0.030 on the real dataset. As can be
seen, our method achieves better accuracy compared to Kee &
Farid’s. Fig. 5 also shows that the incorporation of geometry
and then texture information can progressively enhance the
accuracy, which shows both kinds of information are useful
for lighting estimation.
Comparison of error distributions
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Fig. 4.

Sample images from the synthetic and real datasets.

Like in the previous work [4], a 3D face model is reconstructed for each of the individuals in the datasets with the
help of FaceGen [13]. A single frontal image with frontal
lighting like the middle image in Fig. 4 (b) is used for
each reconstruction. This reconstructed 3D face model is then
rendered in 42 distant lighting conditions to fit the transfer
coefficients as described in III-C. Using Equation (21), we
estimate the lighting coefficients for each image in the datasets.
As for the computational complexity, the rendering of 42
synthetic images takes less than 2 mins using pbrt and our
unoptimized Matlab code takes about 10 mins and 8 mins respectively estimating the lighting coefficients for the synthetic
and real datasets on our 12GB-i7 computer. To evaluate the
accuracy of the lighting environment estimation method, the
estimation error, which is the distance between the estimated
lighting coefficients and the groundtruth lighting coefficients,
is calculated. The distance measurement proposed in [3] is
adopted, which is:
1
𝐷(⃗𝑙1 , ⃗𝑙2 ) = (1 − 𝑐𝑜𝑟𝑟(⃗𝑙1 , ⃗𝑙2 ))
(28)
2
𝑇
⃗𝑙 𝑄⃗𝑙2
1
1
√
)
(29)
𝑐𝑜𝑟𝑟(⃗𝑙1 , ⃗𝑙2 ) = (1 − √
2
⃗𝑙𝑇 𝑄⃗𝑙1 ⃗𝑙𝑇 𝑄⃗𝑙2
1
2
where 𝑐𝑜𝑟𝑟(⃗𝑙1 , ⃗𝑙2 ) indicates the correlation of shading distributions on Lambertian spherical surface under two lighting
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Fig. 5. Error distributions of the compared methods on synthetic and real
datasets. The data points in this figure are from error histograms with a bin
width of 0.01. The truncated parts of x-axes have only zero values.

To investigate how the estimation accuracy varies for
different individuals, we calculated the mean estimation error
for each individual in Yale Face Database B as shown in
Table I. As can be seen, the proposed method consistently
outperforms the previous method for all individuals. Besides,
the previous method has relatively large performance variation
for different people. It especially performs bad on faces that
have prominent deviation from its assumptions, like ID 1 and
9 (the first and fifth individuals in Fig. 4 (b)) who have heavy
facial hair that do not well satisfy the constant reflectance
assumption. On the other hand, the proposed method is more
accurate and stable for different faces.
TABLE I.

E STIMATION ACCURACY ON THE YALE FACE DATABASE B

Kee & Farid’s
Proposed
Kee & Farid’s
Proposed

ID 1
0.121
0.040
ID 6
0.061
0.021

ID 2
0.045
0.028
ID 7
0.074
0.020

ID 3
0.068
0.022
ID 8
0.091
0.051

ID 4
0.083
0.014
ID 9
0.127
0.035

ID 5
0.100
0.040
ID 10
0.040
0.023

The efficacy of the proposed method for discriminating
different lighting conditions is also examined on the Yale
Face Database B. We calculate the estimated lighting distances

between all pairs of faces that come from different lighting
conditions, which we call positive cases. We also calculate
the lighting distances between all pairs of faces from the
same lighting conditions and refer to them as negative cases.
The positive and negative cases can be regarded as faces
from spliced and lighting consistent images respectively. By
adjusting the distance threshold for determining consistent vs.
inconsistent lighting, we can get the ROC curve as shown in
Fig. 6. Our proposed method shows stronger discrimination
efficacy compared to Kee & Farid’s, which means our method
is more reliable for forgery image detection. If we fix the false
alarm rate at around 1%, Kee & Farid’s method has a detection
rate of 78.5%, while the proposed method achieves a 89.2%
detection rate. The distance threshold for this setting is 0.21
for Kee & Farid’s and 0.11 for the proposed method.

experiments. Our method can more reliably determine image
forgeries benefiting from the improved estimation accuracy.
However, our method also has the problem of operational
complexity, which includes the separate reconstruction of 3D
face model for each individual and the selection of 3D facial
landmarks off-line. We intend to improve this by employing
fully automatic 3D face morphing and alignment algorithms.
The lighting estimation method proposed in this paper may
also be improved by more relaxations of the assumptions like
distant lighting and Lambertian reflection, which will further
enhance forgery detection efficacy.
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ROC curves showing discrimination efficacy.

As a forgery image example, we spliced two faces from
the Yale database that are in different lighting conditions into
the same image as shown in Fig. 7. The distance between
the estimated lighting coefficients from the two faces by Kee
& Farid’s method is 0.115 which is lower than its threshold
0.21. Using our method, the measured distance is 0.156 and it
is above our method’s threshold 0.11. In this case, our method
can detect the forgery correctly, while Kee & Farid’s can
not. Two rendered spheres indicating the estimated lighting
condition by our method is also shown in Fig. 7. The spheres
show good consistence with the respective faces and they have
clear discrepancy from each other.

Fig. 7.

An image forgery detection example.

V. D ISCUSSIONS
In this paper, we proposed an improved lighting environment estimation method based on the relaxation of the
convexity and constant reflectance assumptions in previous
work. These relaxations make our reflection model more close
to realistic situations and thus lead to better lighting estimation accuracy which is shown in both synthetic and realistic
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