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Abstract

Face pose and illumination estimation is an important
pre-processing step in many face analysis problems. In this
paper, we present a new method to estimate the face pose
and illumination direction from one single image. The ba-
sic idea is to compare the reconstruction residuals between
the input image and a small set of reference images under
different poses and illumination directions. Based on the es-
timated pose and illumination direction, we develop a face
synthesis framework to rectify the input image to the frontal
view under standard illumination. Experiments show that
our estimation method is both fast (less than one second
per frame) and accurate (even less than three degrees) and
our face synthesis method can generate visually plausible
results, in particular for challenging inputs with with large
pose changes and poor lighting conditions. The synthesized
frontal face views increase the face recognition rate signifi-
cantly from 1.5% to 62.1%.

1. Introduction
Pose and illumination are the two most important fac-

tors that affect the appearance of a face. It is known that
the intra-class differences caused by changes of pose and
illumination are much larger than the inter-class differences
caused by the face appearances [14]. To deal with this
problem in biometrics, most commercial face recognition
systems typically use active illumination and record sev-
eral face images under different poses for each subject in
the gallery. However, there are applications in which such
user cooperation and controlled environment are not avail-
able. For example, in video surveillance, usually only one
face image is available. In these biometric-unfriendly situa-
tions, face recognition has to be designed to function across
pose and illumination variations. One strategy to address
this problem is to use computational approach to synthesize
a canonical view, e.g., a frontal face under an ideal illumi-
nation before recognition.

In this paper, we present a novel method to estimate the

pose and the direction of illumination simultaneously from
one input image. Our method computes the reconstruction
residuals between the input image and the images in the data
set, assuming the input can be better reconstructed with the
group of prototype images that possess the similar pose and
illumination direction as the input. This method can provide
high accuracy results (around three degrees) from a sparse
set of gallery images (e.g., about 20 degrees apart) in less
than one second.

With the pose and illumination direction estimation, we
form a face synthesis framework to synthesize the frontal
faces with similar illumination in the gallery. Based on the
Active Appearance Models (AAMs) [6], our approach can
synthesize high-resolution frontal faces from one input im-
age with large pose and illumination direction changes. We
demonstrate the effectiveness of our complete estimation
and synthesis framework on the subjects in the CMU-PIE
dataset [16].

2. Related Works
There are many existing methods for pose estimation.

In [8, 2], they are divided in five categories: shape-based
geometric analysis [9], appearance-based methods [11],
model-based methods [6], template-based methods [13],
and dimensionality reduction based methods [2, 8]. In
shape-based geometric analysis, the head poses are esti-
mated by geometric parameters defined by the facial land-
marks. The pose estimation problem in the appearance-
based methods is viewed as a pattern classification prob-
lem. Many methods in this category only estimate poses in
a limited range. The model-based methods fit the input im-
age with a face model such as AAM and a neural network
is trained to classify the poses. The template-based meth-
ods are based on nearest neighbor classification with texture
templates.

Dimensionality reduction based methods are promising
based on recent research. With the non-linear dimension-
ality reduction (NLDR) techniques, pose estimation is per-
formed on a smooth and nonlinear manifold embedding of
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the high-dimensional input space. While NLDR is typi-
cally considered state of the art, it has its limitations. The
sparsely sampled training data, presence of noise in a local
area, and curse of dimensionality make the manifold learn-
ing generally ineffective [3].

Our estimation method is quite different than these ex-
isting approaches. It can be categorized into template-
based methods. However, our formulation is very different
from [13]. In addition, we estimate illumination directions.

Face synthesis and recognition algorithms across pose
and illumination can be divided into three categories,
model-based methods [4, 6], appearance-based meth-
ods [1], and style-content separation based methods [17,
12]. 3D Morphable Model (3DMM) and AAM are two
well-known model-based methods. In [4], 3D shape recon-
struction is a fitting problem by minimizing the difference
between the rendered model image spanned by a training
set and the input image. This method generates face models
with good qualities. However, it is computationally expen-
sive and need a good initialization. The major difference
between 3DMM and AAM is that AAM uses 2D shapes.
In [7], three separate AAMs are trained to locate a face and
predict new views. In [1], an illumination cone is built with
seven images per person under different illuminations for
each pose. With the illumination cone, faces in novel pose
and illumination conditions can be synthesized. In [17],
Tenenbaum et al. first propose the bilinear model to sep-
arate content (intra-class) and style (inter-class). In [12], Li
et al. extend the model to the nonlinear case in which the
input space is transferred to a feature space using the Gaus-
sian kernel.

3. Pose and Illumination Estimation
In this section, we present our approach for pose and il-

lumination direction estimation. Our goal is to estimate un-
known pose and illumination labels from an input face im-
age that is not in the training database. Although face poses
can be easily represented by horizontal and/or vertical angle
changes, many parameters are needed to model illumination
variations in real scenes. Hence, our illumination estimation
is to find the nearest illumination condition in the database.
This estimation is particularly useful for our face synthesis
framework. For example, illumination could be modeled by
the direction of one major light source.

Our approach is based on the assumption that the new
input face image is usually better reconstructed from
faces in the database with similar pose and illumination
labels. This assumption is based on two reasons. (1)
Face could be linearly represented by a finite set of faces
in the training database (e.g., 3DMM and AAM). (2)
Intra-class differences are much larger than the inter-class
differences as mentioned before. In our approach, the
residual is obtained by minimizing the residual function:

Figure 1. One example of the residual surface. The pose changes
from −90◦ to +90◦ in 2◦ increments. The illumination direction
changes from −45◦ to +45◦ in 2◦ increments. The new input
image is located at pose −7◦ and illumination 6◦.

R(W ) = ||Z −
n∑

i=1

wiZi||2,with
n∑

i=1

wi = 1, (1)

where Z is the input image, Zi is the image in the database,
W = (w1, w2, ..., wn) is the weight vector, n is the number
of faces in the database with same pose and illumination,
and R is the reconstruction residual. This constrained least
squares problem can be computed in a closed form by first
computing covariance matrix C = (Z − Zi)T (Z − Zj),
and solving the linear system CW = 1 for the weight
vector W .

3.1. Estimation by Brute-Force Search

The simplest way to estimate pose and illumination of
an input image is to compute residuals for all the possible
combinations of pose and illumination conditions and the
location of the minimal residual is the expectation of pose
and illumination. In Figure 1, a residual surface is plotted
with horizontal pose and illumination direction changes. By
examining residual surfaces from different input images, we
observed that the surface should have only one well defined
global minimum that location is the expected pose and il-
lumination. Furthermore, the residual gradually increases
(with some perturbations) when the pose and illumination
are far away from the global minimum. Hence, the resid-
ual surface is approximately convex. This nice property of
residual surface makes our estimation approach more ef-
ficient than the approaches based on NLDR techniques in
which poses are estimated on the complex nonlinear mani-
fold of the original input space.

3.2. Estimation by Polynomial Regression

When many variables are used to model pose and illumi-
nation variations, it is very time-consuming (e.g., over 107

combinations on a dense sampled database) to obtain an ac-
curate estimation by brute-force search. Moreover, most



existing databases are not densely sampled. In this case, the
brute-force search method can not generate accurate esti-
mations. Therefore, our goal is to estimate pose and illumi-
nation accurately only based on a small sparsely-sampled
database.

With a sparse set of database images, one possible
method is to estimate the residual surface first by multiple
regression and then find the global minimum of the surface,
which location is the expected pose and illumination. In
general, the relationship between the residual and pose and
illumination is

Y = f(x1, x2, ..., xm) + ε, (2)
where Y is the univariate response vector that represents the
computed residuals, (x1, x2, ..., xm) arem variables used to
model pose and illumination variations, and ε is a random
error term. The form of the response function f is unknown,
we could approximate it with a 2- or high-order polynomial
model.

However, this straightforward method is not suitable in
practice. First, we still need to compute quite a large num-
ber of residuals to estimate regression coefficients accu-
rately. Second, it is not easy to choose a regression model.
In order to obtain the best model, we may need to evaluate
many candidate regressors including interaction variables
by using the F-statistic to test the significance of regression.

In our approach, we simplify the multiple re-
gression problem by reducing the original high-
dimensional space to m 2-dimensional spaces (i.e.,
(Y, x1), (Y, x2), ..., (Y, xm)). That is, we project all the
residuals on the (Y, xi) plane, where i ∈ [1...m], and
apply a simple curve fitting to estimate the “sub-interval”
minimum. The reduction can be done because, first,
convexity is preserved by the projections, and second,
we only apply the curve fitting on the lower boundary
(i.e., an approximate convex hull) of each projection. The
scatterplots with fitted curves in Figure 2 show the response
Y against each variable xi in turn.

One way to compute this convex hull is to simply sort all
the residuals for each value of xi and select the minimum
residuals, which forms, for example, the red lower boundary
in the first panel in Figure 2. However, even in a sparsely
sampled database, it could be quite expensive to compute
the residuals for all parameter combinations. For exam-
ple, the residuals need to be computed over 6, 000 images
(for 20◦ intervals over pose and illumination directions). In
practice, we use an approximation to achieve a faster speed.
We observed that the residuals on the lower boundary cor-
respond to the database images that closely resemble the
input image. So instead of sorting the reconstruction resid-
ual, we sort the appearance residual, which simply involves
the computation of the sum of squared per-pixel differences.
The fitted curve based on this sampling method is the dark-
colored curve in each panel in Figure 2. The location of

the global minimum of the fitted curve is the estimation of
pose and illumination. The detailed algorithm is shown in
Algorithm 1.

Algorithm 1 Pose and Illumination Estimation
Input: A new face image z.
Output: Estimated pose and illumination.

1: Compute reconstruction residuals.
(a) Compute Euclidean distances between z and the images
in the sparsely sampled database.
(b) Find the k nearest neighbors (knn) of z
along each variable direction xi, i.e., knn(z) =
{knn(x1, .., xi−1, a, xi+1, .., xm), for a is in the dis-
crete value set of xi}.
(c) Compute residuals for the sampled data points by solving
Eq. (1).

2: Fit curves between the residual and each variable.
Curve fitting between Y and Xi(i = 1, 2, ...,m) by
Weighted Polynomial Regression (3-Order),

β̂ = (XT
i WXi)

−1XT
i WY, (3)

where Xi = (x1
i , ...,x

n
i )T is the input matrix with xj

i =

(1, xi, x
2
i , x

3
i )

T , β̂ = (β̂0, ..., β̂3)
T is the vector of coeffi-

cients, W = diag(w1, ..., wn) is the weight matrix, and w is
expressed as Gaussian kernel function,

w(x) = exp (−(x− xmin)2/λ), (4)
where xmin is the position of current smallest residual, and
λ is the parameter to control the width of the kernel.

3: Find the global minimums of the fitted curves.
Solve the following equation by quasi-Newton (BFGS) algo-
rithm for i = 1, 2, ...,m.

min
xi

g(xi) = β̂0 + β̂1xi + β̂2x
2
i + β̂3x

3
i , (5)

such that lb ≤ xi ≤ ub, where lb and ub are lower and upper
bounds for xi. The position of the current smallest residual is
the initial guess. The estimated minimums x̂1, x̂2, ..., x̂m are
the expected pose and illumination.

4. Frontal Face Synthesis

In this section, we present a method for frontal face syn-
thesis by using our estimation result. The goal of our syn-
thesis framework is to improve the recognition accuracy un-
der varying poses and illuminations, especially for the large
pose and illumination changes. Our method can be formal-
ized as learning and applying a transformation between two
face classes under different pose and illumination condi-
tions. This is similar to the methods in these papers [18, 7].
Most of them focus on the pose transformations, we in-
cluded illumination transformations too.

In our method, we use multiple AAMs as the
face models to extract facial features and compute
shape and texture parameters. The shape parame-
ters are computed by applying PCA to the aligned
landmark points that outline the main facial features.
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Figure 2. Scatterplots with fitted curves for the reconstruction residuals. The light-colored curves in each panel fit to the residuals that are
computed by different values of other three variables. The dark-colored curve in each panel fits to the residuals sampled by Algorithm 1.
The red curve in the first panel gives the lower boundary of all the residuals.

s = s̄+
n∑

i=1

siαi (6)

where αi is a set of shape parameters, s̄ is the mean shape,
and si are n shape template vectors. The texture parameters
are obtained by applying PCA on the warped shape-free
textures.

t = t̄+
n∑

i=1

tiβi (7)

where βi is a set of texture parameters, t̄ is the mean texture,
and ti are n texture template vectors.

Figure 3 shows this synthesis framework. During the on-
line synthesis stage, pose and illumination direction are first
estimated by Algorithm 1. The estimation tells us the loca-
tion of the pose and illumination direction that can best re-
construct the input image. Shape and texture parameters are
computed by Equation (6) and (7) based on the template im-
ages with similar pose and illumination conditions. Since a
class of images with small pose and illumination variations
can be considered as a linear object class [18], the shape and
texture parameters almost remain same. However, when
there are large changes between the input image and the
target image (e.g., profile view and frontal view), the linear
class assumption is not valid and a transformation of param-
eters is needed before the synthesis. In our framework, the
transformation of parameters is learned during the offline
training stage using Multivariate Linear Regression (MLR).
An important step in the original AAM that combines the
shape and texture parameters together into one set of ap-
pearance parameters is not suitable in our learning stage. In
order to learn an accurate transformation, it is necessary to
learn the transformation of shape parameters and shape-free
texture parameters separately. Furthermore, textures should
not be normalized such that illumination variation remains.

5. Experimental Results
5.1. Data sets

Two data sets are used in our experiments. (1) Face im-
ages with pose and illumination changes generated from

Non-frontal 
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Figure 3. The frontal face synthesis framework.

3D face scans [5]. The pose changes from −90◦ to +90◦

horizontally and from −45◦ to +45◦ vertically. The il-
lumination direction is changed from −45◦ to +45◦ hor-
izontally and from −45◦ to +45◦ vertically. (2) CMU-
PIE database [16]. We choose a portion of the database,
which contains face images with neutral expressions cap-
tured from 4 cameras (camera index: 34, 27, 05, and 37)
under 3 illumination directions (flash index: 09, 11, and
21).

5.2. Estimation Results

In the experiments of estimation of pose and illumina-
tion, 5 different individuals from data set (1) are used as
the training data set. The speed for estimating one cropped
input image is between less than 1 second and 2 seconds
based on the Matlab implementation.

Table 1 shows the estimation accuracy when only hori-
zontal pose changes under the similar illuminations are con-
sidered. Five different individuals from data set (1) are used
for the testing. To our knowledge, the best estimation re-
sults are from [2, 8], which only estimate horizontal poses.
The accuracy of our method is similar to the results from [2]
and almost remains the same when the pose increments are
as large as 20◦. However, the training data for [2, 8] must be
densely sampled (e.g., 1◦ and 2◦ increments in [8] and [2]



Pose Range Illumination Range Average Error Standard Deviation Average Error Standard Deviation
(Pose) (Pose) (Illumination) (Illumination)

±90◦, I-10-H ±45◦, I-4-H 2.91◦ 2.76◦ 7.32◦ 6.36◦

±90◦, I-20-H ±45◦, I-10-H 3.35◦ 3.63◦ 8.27◦ 7.19◦

±90◦, I-20-H ±45◦, I-10-H 3.26◦ 3.01◦ 5.25◦ 4.46◦

±45◦, I-10-V ±45◦, I-10-V 6.16◦ 7.01◦ 9.12◦ 10.40◦

Table 2. Average estimation error with varying pose and illumination. ±90◦, I-2-H, indicates horizontal (i.e., H) changes from −90◦ to
+90◦ with 2◦ increments.

Method Pose Increments Average Error
(horizontal)

(a) 2◦ 3.34◦

(b) 2◦ 3.15◦

(b) 10◦ 3.25◦

(b) 20◦ 3.63◦

(c1) 2◦ 5.66◦, 6.59◦, 8.21◦

(c2) 2◦ 5.02◦, 2.11◦, 1.44◦

(d) 1◦ 1.65◦

Table 1. Performance comparison of different methods with vary-
ing pose increments. (a) Brute-force method, (b) Algorithm 1, (c1)
BME using Isomap, LLE, and Laplacian Eigenmap with 3 dimen-
sions of embedding in the grayscale feature space [2], (c2) BME
using Isomap, LLE, and Laplacian Eigenmap with 100 dimensions
of embedding in the grayscale feature space [2]. (d) Locally Em-
bedded Analysis (LEA) with 20 dimensions of embedding [8].

respectively) for manifold learning. This could be one lim-
itation for the manifold learning when we need to estimate
vertical poses and illumination directions. Table 2 shows
the estimation accuracy from 5 different individuals from
data set (1) when pose and lighting directions are both con-
sidered. It turns out vertical changes are difficult to estimate
and the lighting directions are harder to estimate than the
poses. In Table 3, we show the estimation accuracy by test-
ing face images from CMU-PIE database on data set (1).
The original face images are cropped and transformed to a
template (64 × 64) by three points (the centers of two eyes
and the center of the mouth). The three points can be ob-
tained by manual clicks or computed from the AAM model.
Here we compute the relative angles that are nearly con-
stant. The results show that the pose estimation is robust
over different databases. Although estimations of illumina-
tion directions are not as accurate as our pose estimations,
it turns out that the illumination estimations still are good
enough for our face synthesis framework.

5.3. Synthesis and Recognition

We test our synthesis framework on three different cases
that represent small, moderate, and large pose and illumina-
tion variations. The face synthesis is evaluated in a leave-
one-out manner, i.e., one of 68 individuals is taken out as an
unseen face and 67 individuals at the pose and illumination
direction that are the nearest to the estimated ones are used

Average Standard Computed
Estimation Deviation Values

Pose: 27⇔ 34 66.92◦ 7.27◦ 66.19◦

Pose: 5⇔ 27 11.38◦ 5.52◦ 16.50◦

Illum.: 11⇔ 9 10.28◦ 20.04◦ 16.53◦

Illum.: 9⇔ 21 1.89◦ 5.63◦ 4.30◦

Table 3. Estimation accuracy by computing the relative horizontal
angles for different cameras and flashes. Camera numbers are 5,
27, and 34. Illumination numbers are 9, 11, and 21. The last col-
umn (Computed Values) is calculated from geometric information
provided in the database.

as template images. Results of frontal face synthesis are
shown in Figure 4. The results show that our method is able
to handle large pose and illumination changes. The time of
online synthesis is only several seconds without considering
the time for feature extraction using AAM. Figure 5 shows
the identification rate based on the traditional PCA method.
The identification rates by applying synthesis are signifi-
cantly increased compared with the rate without synthesis.
Our method is better performed than the method in [10], in
which the recognition rates using PCA for pose 34, 37, and
5 are about 10%, 46%, and 71% respectively. Our method
obtains similar identification rates as shown in [4], which
is 70% for 45◦ left view and 80% for 45◦ right view using
one algorithm from the FRVT 2002 [14] with 87 individuals
from the FERET database [15].

6. Conclusions
In this paper, we first develop a new estimation method

for face pose and illumination direction. Our method is effi-
cient and robust to estimate pose and illumination direction
from one single image based on a small set of reconstruction
residuals. We also present a framework to synthesize the
frontal face image under an ideal illumination. This frame-
work is based on estimation of pose and illumination di-
rection and learning a transformation between two different
face classes before synthesis. The dramatically improved
recognition rates with the rectified (frontal-view) face im-
ages show the effectiveness of our methods.
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