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Abstract. Head pose estimation is an important task for many face
analysis applications, such as face recognition systems and human com-
puter interactions. In this paper we aim to address the pose estimation
problem under some challenging conditions, e.g., from a single image,
large pose variation, and un-even illumination conditions. The approach
we developed combines non-linear dimension reduction techniques with
a learned distance metric transformation. The learned distance metric
provides better intra-class clustering, therefore preserving a smooth low-
dimensional manifold in the presence of large variation in the input im-
ages due to illumination changes. Experiments show that our method
improves the performance, achieving accuracy within 2-3 degrees for face
images with varying poses and within 3-4 degrees error for face images
with varying pose and illumination changes.

1 Introduction

Human face analysis, due to its vast application from biometric authentication to
human-computer interactions, is a very active topic in computer vision research.
Head pose estimation is a central component for many of these applications. For
example, face recognition systems require the capability of handling the signif-
icant pose variations. Zhao et al. [1] shows that the pose and illumination are
the major factors affecting the performance of face recognition algorithms. The
difference between individuals’ face images taken under the same lighting condi-
tions is smaller than the difference between two face images of same individual
taken under varying lighting conditions. That is, image variation due to lighting
changes is more significant than variation due to different personal identities [2].
While person-independent head pose estimation has been studied reasonably
well in recent years [3,4,5], robust illumination- and person-independent head
pose estimation remains a challenging problem. The main contribution of this
paper is to introduce a new approach to address this problem.

There exists many methods for pose estimation from a single image (we
exclude pose estimation from a video sequence in the context of this paper).
These methods can be classified into five categories [4,5]: shape-based geometric
analysis methods [6], appearance-based methods [7,8], model-based methods [9],
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template-based methods [10,11], and dimensionality reduction based methods.
It is beyond the scope of this paper to discuss all the related work in pose esti-
mation, and we will focus on the fifth category: dimensionality reduction (DR)
techniques, which is also what our proposed method belongs to. Every DR ap-
proach is essentially to learn a distance metric that removes the data redundancy
and leads to more compact feature representation. However, the problem of illu-
mination variation is usually conceded or treated lightly as a pre-processing step.
As we shown in Figure 1, we aim to deal with some very harsh illumination con-
ditions. The lack of DR-based pose estimation under these difficult conditions is
probably due to the fact that illumination changes are usually larger than that
from different persons or small pose variations.

Fig. 1. Sample input images for pose estimation, notice the large variation in rotation
and the harsh un-even illumination

In this paper we present a novel approach to estimate the pose from a sin-
gle input image by combining both the unsupervised metric learning technique
and the supervised metric learning techniques. Unlike previous DR-based pose
estimation method that treats illumination as a part of pre-processing step, we
develop a unified framework that does not require any pre-processing for il-
lumination normalization or correction. This is possible by applying a learned
distance transformation after the use of nonlinear DR techniques. This is differ-
ent from prior approaches in which the original images are modified or filtered
before applying nonlinear DR techniques. To the best of our knowledge this is
the first time a DR-based method is capable of producing fairly accurate pose
estimation (within a few degrees) under harsh illumination conditions as shown
in Figure 1.

The rest of the paper is organized as follows. Section 2 reviews the related
work on head pose estimation. Section 3 describes our proposed approach of
pose estimation. Section 4 presents the experimental results, and the conclusion
is made in section 5.
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2 Related Works

In this section we review the research work of distance metric learning and head
pose estimation approaches based on dimensionality reduction. Many methods
have been developed. We discuss each one of them in the following sections.

2.1 Distance Metric Learning

The main idea for methods in this category is to learn metrics that separate
data points from different classes, while keeping close data points within the
same class. Xing et al [12] posed metric learning as a convex programming
problem to satisfy the constraints of the better representation. Relevant Com-
ponents Analysis (RCA) [13] learns a full ranked Mahalanobis distance metric
using equivalence constraints. Neighborhood Components Analysis (NCA) [14]
maximizes the leave-one-out cross validation to learn a distance metric for KNN
classifier. Large Margin Nearest Neighbor(LMNN) [15] extends NCA through a
maximum frame work. Local Fisher Discriminant Analysis (LFDA) [16] can be
viewed as localized variant of FDA.

2.2 Manifold Learning

The goal for approaches in this category is to learn a low-dimensional mani-
fold in which most ”intrinsic information” (e.g., distance) are preserved. Pop-
ular approaches include ISOMAP [17], Locally Linear Embedding (LLE) [18],
and Laplacian Eigenmaps (LE) [19]. ISOMAP preserves the geodesic inter-point
distances, LLE preserves the distance based on locally linear combination of
neighborhood, and LE preserves the distance described by a weighted connected
graph constructed from neighborhood.

Raytchev et al [20] apply ISOMAP-based manifold learning technique for
user-independent pose estimation and evaluate their method in comparison with
the Linear Subspace and Locality Preserving Projections(LPP) [21].

Chen et al. [22] uses the face images of two specific head poses and estimates
the head poses between them through classification-based nonlinear interpola-
tion. This approach is based on the assumption that the face images of multiple
view lie on a manifold in the original image feature space.

Fu and Huang [5] presented an appearance-based strategy for head pose es-
timation using supervised Graph Embedding(GE) analysis. The neighborhood
weighted graph is first constructed in the sense of supervised LLE. The out-of-
sample data points may be treated using the projection transformation solved
in closed-form based on GE linearization. The K-nearest neighbor classification
is then employed to estimate the head pose. Their method is successful with low
pose estimation error. They consider face images with only pose variation, but
not illumination change in their experiment.

Balasubramanian et al. [3] proposed the Biased Manifold Embedding (BME)
framework for head pose estimation. The pose information of the given face
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Table 1. performance comparison of different methods for head pose estimation

Method Interval Increment Best result:
error

Illumination
(Yes/No)

ISOMAP [20] [−90◦ + 90◦] 15◦ 11◦ No
Fisher manifold learning [22] [−10◦ + 10◦] 3◦ No
BME with ISOMAP, LLE [3] [−90◦ + 90◦] 2◦ 3◦ Yes♦

BME with LE [3] [−90◦ + 90◦] 2◦ 2◦ Yes♦

LEA [5] [−90◦ + 90◦] 1◦ 2◦ No
♦LoG filter is used.

image data is used to compute a biased neighborhood of each point in the fea-
ture space, before determining the low-dimensional embedding. BME uses a
Generalized Regression Regression Neural Network (GRNN) to learn the non-
linear mapping for dealing with out-of-sample data points, and applies linear
multivariate regression to estimate the pose. Essentially, BME proposes a more
general model to modify the distance matrix, which unifies the other supervised
manifold learning approaches [23,24]. The interested reader can refer to the dis-
cussion in [4] for details. Their experiment shows this method works well with
person-independent face images with pose variation. BME uses LoG to remove
the illumination effects, but LoG representation are not sufficient for pose esti-
mation under a wide variety of lighting conditions, in particular hash lightings
with shadows, as in our experiments.

The performance of representative DR-based approaches for head pose estima-
tion are summarized in Table 1. It shows that LEA and BME are the current state-
of-art techniques in pose estimation. But none of them treats illumination varia-
tions in a principled way, most of them do not discuss the effect of illumination.

3 Our Approach

In this section, we present our approach for pose estimation. We assume that
there is a training face database, and each face image in the database is associated
with a pose label. Our goal is to estimate the unknown pose label from an input
face image that is not in the training database.

A good low-dimensional embedding for pose estimation should have the fol-
lowing properties: (1) Separation. The embedding from different poses are kept
apart, and there is no overlap among them. Furthermore, the embeddings of
different individuals with different illuminations but same pose should be close
to each other, i.e., within a cluster. (2) Smoothness. The low-dimensional man-
ifold should change smoothly according to the pose. Figure 2 shows an ideal
3-dimensional manifold embedding of 24 subjects with the same illumination
while the pose angles vary from −90◦ to +90◦ with a granularity of 4 from our
training database. In this figure, there are 46 clutters in total, each with unique
color corresponding to a specific pose angle. Within each of clutters, there are
24 data points, which are embeddings of 24 faces from the same pose.
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Fig. 2. The ideal 3-dimensional embedding of 24 subjects’ face images with only pose
variation between [−90◦ + 90◦] at 4◦ increments. The pose changes are represented by
different colors.
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Fig. 3. The 3-dimensional embedding of 24 subjects’ face images with only pose vari-
ation between [−90◦ + 90◦] at 4◦ increments, using ISOMAP and BME. The pose
changes are represented by different colors.

The 3D embedding of ISOMAP and BME with ISOMAP are shown in Figure
3. Figure 3(a) shows the ISOMAP embedding, in which 200 nearest neighbors
(NN) are used. It maps face images of 24 subjects into 24 different pose mani-
folds. This is because ISOMAP can not find the nearest neighbors of each point
accurately when there are multiple individuals in the training set. To deal with
identity variations, BME finds the right nearest neighbors for each data point by
the given pose labels. However, when there are illumination variations, especially
large illumination variations, BME can not generate a good pose manifold ei-
ther. As shown in Figure 4, we generate two manifolds with ISOMAP and biased
ISOMAP from 10 subjects with pose angles varying from −90◦ to +90◦ with a
granularity of 4 and illumination changes from 0◦ to +45◦ at 5◦ increments. It
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Fig. 4. The 3-dimensional embedding of 10 subjects’ face images with pose variation
between [−90◦ +90◦] at 4◦ increments and illumination changes from 0◦ to +45◦ at 5◦

increments, using ISOMAP and BME. The pose changes are represented by different
colors.

is clear that there are many overlaps between pose angles in ISOMAP embed-
ding (Figure 4(a)), as well as BME embedding (Figure 4(b)). Hence, it is quite
difficult to estimate poses from the manifolds generated by ISOMAP and BME.
This is because that 1) the computation of a nonlinear manifold relies on the
distance between data points. For example, in order to compute a smooth pose
manifold, the distance between face images under large illumination variation
and the same pose should be small. 2) BME only uses pose labels to find the
right nearest neighbors. The distances between data points remain unchanged.
3) the distortion caused by illumination variation is much larger than the dis-
tortion caused by the identity of individuals by comparing Figure 4(b) and 3(b).
Therefore, the distance between data points should be modified in order to ob-
tain a smooth manifold. This brings forth the need to develop pose estimation
techniques that can work well with the face images that have large illumination
changes and pose changes from many different individuals.

To obtain a good low-dimensional embedding, we propose an approach based
on manifold learning techniques and supervised distance metric learning tech-
niques for head pose estimation. We first construct the low-dimensional em-
bedding using ISOMAP (Figure 4(a)). The low-dimensional embedding is then
linearly mapped to the transformed feature space with modifying the distance
between data points, using Local Fisher Discriminant Analysis (LFDA) [16] by
pose labels. The combination of ISOMAP and Fisher Discriminant Analysis
(FDA) was ever proposed in the work [25]. In their work, each data point is
represented by a feature vector, which is its geodesic distance from other points.
Then, FDA is applied to find an optimal projection direction for classification.
The main difference between our approach and this extended ISOMAP is that
LFDA was employed to refine the low-dimensional manifold and maintain pose
class separation.
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3.1 ISOMAP

The classical linear algorithms such as Principle Component Analysis (PCA) and
Multidimensional Scaling (MDS) cannot always reveal the intrinsic distribution
of a given complex data set. We therefore adopt ISOMAP for nonlinear dimen-
sionality reduction [17]. The input is data matrix X = (x1, · · · , xN ) ∈ �D×N

containing N face images from the training data, where xi ∈ �D(i = 1, 2, . . . , N)
is the D-dimensional samples of face images. In our case, D is equal to 1024,
since we vectorized face images with the resolution 32 × 32. The output is the
nonlinear embedding matrix Y = (y1, · · · , yN) ∈ �d×N of X , where yi ∈ �d(i =
1, 2, . . . , N) is the d-dimensional data points in the low-dimensional embedding.
It first determines the neighbor relationship on the manifold M based on the
pairwise Euclidean distance dX(i, j) between pairs of face images xi,xj . These
neighbor relations are represented as a weighted graph G over the data points,
with the edges of weights dX(i, j) between neighboring points. The pairwise
geodesic distance dM (i, j) on the manifold are then estimated with the distance
of the shortest path dG(i, j) in the graph G using Floyds or Djkstraas algo-
rithm. The classical MDS is finally applied to the matrix of graph distances
DG = dG(i, j) to construct d-dimensional embedding Y .

3.2 Local Fisher Discriminant Analysis

We use LFDA to learn the matrix PLFDA ∈ �d×d that transforms yi(i =
1, 2, . . . , N) to zi(i = 1, 2, . . . , N). zi ∈ �d(i = 1, 2, . . . , N) is the d-dimensional
data points in the transformed feature space. zi = PT

LFDAyi in the same pose an-
gle are kept close together, while zi from different pose angles are well
separated.

LFDA evaluates within-class scatter and between-class scatter in a local man-
ner by combining the idea of FDA and LPP [21]. The local within-class scatter
matrix S̃B and the local between-class scatter matrix S̃W are defined as follows,

S̃W =
1
2

N∑

i,j=1

W̃
(w)
i,j (yi − yj)(yi − yj)T (1)

S̃B =
1
2

N∑

i,j=1

W̃
(b)
i,j (yi − yj)(yi − yj)T (2)

where

W̃
(w)
i,j =

{
Wi,j/Nc, yi ∈ c, yj ∈ c

0, otherwise
(3)

W̃
(b)
i,j =

{
Wi,j(1/N − 1/Nc), yi ∈ c, yj ∈ c

1/N, otherwise
, (4)

and Wi,j is the affinity between in yi and yj that are ranged in [0, 1]. The
discuss about the definition of Wi,j can be found in [21,26]. LFDA considers
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(a) The 3-dimensional embedding of
24 subjects’ face images with only
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Fig. 5. The results of our method for face images with only pose variation and pose
plus illumination variation

the maximization of the following objective to find the transformation matrix
PLFDA,

J(P ) =
‖PT S̃BP‖
‖PT S̃W P‖

(5)

Noticing that J is invariant with respect to scale, we can formulate the ob-
jective into the constrained optimization problem as follows:

min
P

− 1
2PT S̃BP

s.t. PT S̃W P = I
(6)

The lagrangian corresponds to this optimization problem is,

� = −1
2
PT S̃BP +

1
2
(PT S̃W P − I) (7)

Using the KKT conditions, the problem is transformed into the following gener-
alized eigenvalue problem,

S̃Bϕ = λS̃W ϕ (8)

Then, the LFDA transformation matrix is defined by the solution as follows,

PLFDA = [ϕ1, ϕ2, · · · , ϕd] (9)

where {ϕi}d
i=1 are generalized eigenvectors corresponding to the generalized

eigenvalues λ1 ≥ λ2 ≥ · · · ≥ λd.
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Algorithm 1. Pose Estimation Pipeline

1: Learning phase
Input: the training face images xi(i = 1, 2, · · · , N) and their corresponding labels

of pose angles �i.
Output: the nonlinear mapping between xi and yi, PLF DA,

the regression model for pose estimation.
(a): Get the low-dimensional embedding yi using ISOMAMP.
(b): Learn the nonlinear mapping between xi and yi using GRNN.
(c): Find the transformation matrix PLF DA from low-dimensional embedding yi.
(d): Learn the regression model between yi and its corresponding

pose labels using RVM.

2: Testing phase
Input: the test face images xi(i = N + 1, N + 2, · · · , NN).
Output: the pose labels for xi.
(a): Compute its low-dimensional embedding yi using learned nonlinear mapping.
(b): Map yi to the transformed feature space using zi = P T

LF DAyi.
(c): Estimate the pose angle by applying the learned regression model on zi

We apply our method to the same data that we use in ISOMAP and BME
methods to get the low-dimensional embedding, shown in Figure 5. Compared to
the results of ISOMAP and BME in Figure 3 and Figure 4, our method is much
better in clustering the face images in the same pose angle and separating the
face images from different pose angles better than ISOMAP and BME methods
in both pose-only variation case and pose+illumination variation case. For a
new input face image, we can compute its low-dimensional embedding using
the nonlinear mapping learned by Generalized Radial Neural Network (GRNN),
and then project it to the transformed feature space by applying the linear
transformation. Its pose angle will be finally estimated by Relevance Vector
Machine (RVM) [27]. The detailed algorithm procedure using ISOMAP and
LFDA for pose estimation is shown in algorithm 1.

4 Experiment and Results

4.1 Data Sets

To evaluate the performance of our approach, we employed the 3D face dataset
from [28]. The pose changes horizontally from −90◦ to +90◦ at 2 degree in-
crement. The illumination varies from 0◦ to +45◦ at 1◦ increment, as shown
in Figure 6. Other public face databases such as FERET, the CMU-PIE data-
base,Yale Face database, and MIT database, are not used in our experiment,
because none of them provide a precise measure for pose and illumination angles
and also they do not contain face images with a wide variety of illumination
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Fig. 6. Samples of face images with varying pose and illumination from 3D face scans

and pose changes [3]. To assess the robustness of our approaches, we perform
the experiment in two cases: pose estimation for face images without and with
illumination variation. We compared our method with the state-of-art pose esti-
mation techniques, BME. The performance is analyzed with varying choices of
the embedding dimensions (marked by “o” in the figures) and 200 neighbors.

4.2 Pose Estimation for Face Images without Illumination Variation

The experiment was performed over 24 subjects with pose angles varying from
−90◦ to +90◦ at 2◦ increments and illumination of 22◦ using 8-fold cross-
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Fig. 7. Pose estimation results comparison of our method against BME with ISOMAP
for the face images without illumination variation (NN=200) in different dimensionality.
The red line indicates the results of our method.
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Fig. 8. Distribution of the average error of Our method against the BME framework in
pose estimation for the face images without illumination variation. Each of the views
is between [−90◦, +90◦] at 2◦ increments. The red line indicates the results of our
method.

validation. We use 1911 face images from 21 subjects (91 images per subject)
as the training data in each fold, and then use the 273 images from the other 3
subjects as testing data. The images were down-sampled to 32 × 32 resolution.
The results of the experiment are shown in Figure 7. The red line indicates the
performance of our method, while the blue line shows the performance of the
BME framework. The result shows the accuracy of our method is slightly better
than that of the BME with ISOMAP. Figure 8 shows the head pose estimation
error of our method against BME in each of the views in this pose angle interval.

4.3 Pose Estimation for Face Images with Illumination Variation

Due to memory limitation, this experiment was performed over 10 subjects,
with pose angles varying from −90◦ to +90◦ at 4◦ increments and illumination
variation from 0◦ to −45◦ with a granularity of 5◦. We use leave-one-out cross-
validation (LOOCV), i.e., we sequentially take out the face images of one indi-
vidual and use all the remaining images of the other individuals as training data.
The images are also down-sampled to 32×32 resolution. The experiment results
are shown in Figure 9. The red line indicates the performance of our method,
while the blue line shows the performance of the BME framework. It shows
that our method significantly improves the head pose estimation performance
compared to the BME framework. Figure 10 shows the head pose estimation
error of our method against BME in each of the views in this pose angle interval
(100-dimensional embedding) .

In both cases, our method performs well for the frontal and intermediate
poses, but not for the profile (almost −90◦ or +90◦) views. This may be caused
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Fig. 9. Pose estimation results comparison of our method against BME with ISOMAP
for the face images with illumination variation. The red line indicates the results of our
method.
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Fig. 10. Distribution of the average error of our method against the BME framework in
pose estimation for the face images illumination variation. each of the views is between
[−90◦, +90◦] at 4◦ increments. The red line indicates the results of our method.

by the noisy features in the face images of these profile views, which results in
some overlaps between the data points in the transformed feature space.

Comparing our results with those listed in Table 1, we can see that our method
is comparable with the the state-of-art methods for face images with only pose
variation. When the illumination also varies, our proposed method maintains
the high accuracy for most cases and performs better that BME.
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5 Conclusions

In this paper, we proposed an approach to illumination- and person-insensitive
head pose estimation. We studied the limitation of related approaches in pose
estimation for face images with large illumination variation, and addressed the
problem by combining ISOMAP and LFDA. We conducted several experiments
to evaluate our approach. The experiment results demonstrate that our method
is robust to variation in dimensionality of embedding, illumination and identity of
individuals. Our method can be easily extended to other manifold learning tech-
niques, such as LLE and LE, and supervised distance metric learning techniques
like RCA, NCA, and LMNN. Furthermore, our method can be used to estimate
the illumination direction by using illumination labels in LFDA. Looking into
the future, we will apply our approach in the application of face synthesis.
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