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ABSTRACT

In this work, we present a dictionary learning based framework for

robust, cross-modality, and pose-invariant facial expression recog-

nition. The proposed framework first learns a dictionary that i)

contains both 3D shape and morphological information as well as

2D texture and geometric information, ii) enforces coherence across

both 2D and 3D modalities and different poses, and iii) is robust in

the sense that a learned dictionary can be applied across multiple

facial expression datasets. We demonstrate that enforcing domain

specific block structures on the dictionary, given a test expression

sample, we can transform such sample across different domains

for tasks such as pose alignment. We validate our approach on

the task of pose-invariant facial expression recognition on the stan-

dard BU3D-FE and MultiPie datasets, achieving state of the art

performance.

Index Terms— Facial expression, domain adaptive, pose-
invariant, cross-modality

1. INTRODUCTION

The analysis of facial expression is studied in computer vi-
sion, psychology, psychiatry, and marketing, all of which re-
quire a facial expression recognition (FER) system to be ro-
bust to changes in pose. In particular for the psychology and
psychiatry fields, risk signs of aniexty and autism can be de-
picted from facial expressions as the participant is looking at
various stimuli [1, 2]. Robustness to pose is especially impor-
tant since the experts need to analyze participants in their nat-
ural states, in other words being observed in an unconstrained
manner (see [3] and [4] for examples). Many state of the art
facial expression approaches focus on frontal or nearly frontal
images of the face [5, 6]. Changes in head pose or facial ex-
pression cause nonlinear transformations of the face in a 2D
image, making it a non-trivial task to classify expressions un-
der varying poses [7]. Even with recent FER advancements,
manually coding of facial expression is still performed in the
psychiatry and psychology fields due in part to this challenge.

Approaches to handle facial expression across multiple
poses fall within two main categories. The first category cor-
responds to approaches based on learning expression models
on a discrete set of poses [8, 9]. For example, [8] employ a 2
stage approach where they first train a classifier to distinguish
pose, and then train pose-dependent classifiers across expres-
sions. The second category involves approaches that learn the
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Fig. 1: Overview of multi-modality and pose-invariant dictionary

construction. (a) Samples of 3D textured face scans from the BU3D-

FE dataset, where each sample Si can be decomposed into a 3D and

2D component, ψi and φi respectively. The used 19 facial landmarks

are highlighted with green markers. (b) the dictionary is composed

of blocks containing different modalities and poses. The red sec-

tion represent dictionary block D(φ) containing 3D features, while

the blue sections represent dictionary blocks D(ψθt) containing 2D

features from the synthesized head poses θt.

mappings of the expressions as a function of pose [10, 11, 12].
Notably, [10] presents an accurate geometric based approach
to first learn the transformation of facial points at any given
pose to a frontal pose, then FER is performed on facial points
from the projected frontal pose, thus requiring only one posed
classifier. The work [12] adopts a Partial Least Squares ap-
proach, that has been explored in facial recognition, to model
the relations between pairs of images of the same person at
different poses and expressions.

In addition to FER in 2D images, much attention has been
focused on using 3D face scans [13, 14]. Specifically, tex-
tured 3D face scans not only contain 3D features (e.g., mor-
phological and shape), but also 2D features (e.g., geometric
and texture). Zhao et al. [13] have shown that when dealing
with 2D and 3D features independently on a frontal face, the
ordering of discriminative power for FER is morphological,
shape, and texture; and combining all three feature modali-
ties together achieves the strongest discriminative power. Al-
though textured 3D face scans provide the most discrimina-
tive features, technology has not yet allowed for practical ac-
quisition in unconstrained environments, such as capturing
child facial behaviors in a doctor’s office.

Dictionary based approaches have been extensively used
for classification and regression in the areas of facial recog-
nition and expression [15, 16]. Furthermore, one can apply



sparse based methods by incorporating regularized penalty
functions to determine sparse coefficients in a more greedy
fashion [16, 17]. By encoding structure along atoms in the
dictionary, such as annotating or grouping atoms in the dic-
tionary with class labels, the sparse coefficients can provide
knowledge to the class that the unseen face belongs to. Re-
cent work has also focused on encoding structure within the
atoms themselves, namely domain adaptive dictionary learn-
ing [18]. A powerful example focuses on encoding atoms so
they contain blocks of features across different domains [18].

In this work, we develop a framework based on learning
and applying a robust, cross-modality, and pose-invariant dic-
tionary to the recognition of facial expressions. The presented
framework first learns a dictionary that i) contains both 3D
shape and morphological information as well as 2D texture
and geometric information, ii) enforces coherence across both
2D and 3D modalities and different poses, and iii) is robust in
the sense that a learned dictionary can be applied to multiple
facial expression datasets. With our novel dictionary based
approach, we achieve powerful results in the task of pose-
invariant FER. The rest of the paper is organized as follows:
in Section 2 we describe our approach for constructing and
applying the proposed dictionary to pose-invariant FER. In
Section 3 we validate our approach using two publicly avail-
able datasets: the BU-3D Facial Expression (BU3D-FE) [19]
and the CMU Pose, Illumination, and Expression (MultiPie)
[20]. Section 4 concludes the paper.

2. PROPOSED APPROACH

We now describe our approach, which can be separated into
two main components: constructing the cross-modality and
pose-invariant dictionary, and applying it to the task of pose-
invariant FER. Figures 1 and 2a show the outline of our ap-
proach for dictionary construction and cross domain repre-
sentation.

2.1. Pose-invariant dictionary

Given a dataset containing N textured 3D face scans under
varying expressions, we define each sample Si = {φi, ψi},
where i = 1, 2, ..., N , and φi and ψi represent the 3D spe-
cific and 2D specific information from sample i, respectively.
From a single textured 3D face scan, 2D images with vary-
ing head poses, θ, can be synthesized. In this sense, we can
decompose a sample as Si = {φi, ψi

θ
T−1

t=0

}, with T differ-

ent head poses, θ0 represents a frontal face, and ψi
θt

repre-
sents 2D specific information at pose θt for sample i. Note
that 3D specific information does not change with varying
head poses. For all samples, we define the dictionary block
D(φ) ∈ Rdm×N of extracted 3D features as

D(φ) =
[

f(φ1), f(φ2), · · · , f(φN )
]

,

where f(φi) ∈ R
dm represents the column array of com-

puted frontal 3D features from the ith sample. Similarly, for

all samples with simulated head pose θt, we define the block
D(ψθt) ∈ R

dn×N of extracted 2D features as

D(ψθt) =
[

f(ψ1
θt
), f(ψ2

θt
), · · · , f(ψN

θt
)
]

,

where f(ψi
θt
) ∈ R

dn , represents the column array of com-

puted 2D features from the ith sample at pose θt.
The cross-modal and pose-invariant dictionary, D, is or-

ganized by stacking the dictionary blocks (see Figure 1)

D = [D(φ); D(ψθ0); D(ψθ1); · · · ;D(ψθT−1
)],

with the stacking operator [D(φ); D(ψθ0)] =

[

D(φ)
D(ψθ0)

]

.

D ∈ R(dm+T×dn)×N is composed of a total of T + 1 blocks,
specifically one block containing the 3D features, D(φ), and
T blocks containing the 2D features from each of the T sim-
ulated head poses, D(ψi

θ
T−1

t=0

). This block structure within the

dictionary D imposes coherence across the different domains.
In addition, we learn a more compact dictionary by ap-

plying a dictionary learning method, such as K-SVD [21],

creating a new dictionary D̃ ∈ R(dm+T×dn)×dd where dd ≤
N . Note that since the block structure still remains, the co-
herence between the domains is preserved: D is transferred

to D̃ = [D̃(φθ0); D̃(ψθ0); D̃(ψθ1); · · · ; D̃(ψθT−1
)], where

now D̃(φ) ∈ Rdm×dd and D̃(ψi
θt
) ∈ Rdn×dd (see Figure 1).

2.2. Cross modality and domain representation

The learned dictionary, D̃, contains a dense amount of expres-
sion information jointly learned across multiple domains (3D
and different poses in 2D). Let unseen samples containing ex-
pression class labels and only 2D images at any pose θt be de-

fined asQj = {ψj
θt
, Lj}, where j = 1, 2, ...,M represent the

samples and Lj = 1, 2, ..., C represents the class label of the
jth sample taking the values of C possible classes. The goal
is to representQj as a sparse linear combination of the frontal

3D and frontal 2D features in D̃, namely [D̃(φθ0); D̃(ψθ0)],
since they are know to have large discrimination power for
FER. Thus we wish to solve:

{Q̃j , xj} = argmin
xj ,Q̃j

‖Q̃j − [D̃(φ); D̃(ψθ0)]x
j‖22

s.t.‖xj‖0 ≤ λ, (1)

where xj ∈ R
dd is the sparse coefficient vector, Q̃j ∈

R
(dn+dm) is the transformed version of sample Qj onto the

domains represented by [D̃(φ); D̃(ψθ0)], ‖xj‖0 counts the
number of non-zeros values in xj , and λ is the imposed
sparsity constant. (1) is not directly solvable since the 3D

information and frontal 2D information, Q̃j , and the sparse
coefficient vector, xj , are unknown. Instead we propose to
represent the unknown 3D and frontal 2D information via our
domain adaptive dictionary. We propose that the computed
sparse coefficient vector in the known domain provided by
Qj can be directly applied to dictionary blocks in unseen

domains to estimate Q̃j .



(a)
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Fig. 2: (a) Overview of the proposed cross-modality and pose-invariant representation and examples from the MultiPie dataset. Given the

dictionary D̃, we propose that the sparse coefficient vectors between the same subjects performing the same expressions at different poses or

modalities will be nearly identical. The dotted colored boxes around the faces (orange and green) represent observation of the same subjects

from a given expression at different poses. These observations can be represented by a linear combination of the same sparse coefficients

being applied to a given sub-dictionary of D̃, that is represented with the respective dotted color boxes. (b) Example of the sparse coefficient

vectors extracted from a subject performing a Disgust expression at 7 poses. Each of the 7 columns in the image correspond to a sparse

coefficient vector xj extracted at a given pose, and the rows represent weights corresponding to atoms in D̃. Images of the input subject are

shown below each pose. Notice the horizontal line structure (depicted by the red arrows) throughout the sparse coefficient vectors at different

poses, reinforcing the notation that the sparse coefficients extracted for different poses are approximately consistent thus pose invariant.

Since Qj provides information in the domain ψ
j
θt

, the
sparse coefficient vector can be determined from:

xj = argmin
xj

‖ψj
θt
− D̃(ψθt)x

j‖22, s.t.‖x
j‖0 ≤ λ.

If θt is unknown, it can be estimated from a variety of head
pose approaches [22] or by determining which domain block

in D̃ gives the lowest reconstruction error. Due to the coher-

ence across domains within the stacks of the dictionary D̃,
we assume the sparse coefficient vector, xj , should not dif-
fer greatly between extracted data of the same subject but in
different domains (see Figure 2a). In other words,

xj = argmin
xj

‖ψj
θt
− D̃(ψθt)x

j‖22, s.t.‖x
j‖0 ≤ λ (2)

≈ argmin
xj

‖ψj
θt′ 6=t

− D̃(ψθt′ 6=t
)xj‖22, s.t.‖x

j‖0 ≤ λ

≈ argmin
xj

‖φj − D̃(φ)xj‖22, s.t.‖x
j‖0 ≤ λ. (3)

This assumption is explored and further validated in Section
3.2 and Figure 2b. Equations (2) and (3) state that xj can be

determined from any domain that lies in bothQj and D̃. Once

xj is determined, Q̃j can be computed from (1).

3. EXPERIMENTAL VALIDATION

3.1. Datasets and setup

To evaluate our proposed method, we used two publicly avail-
able face datasets: the BU3D-FE and the MultiPie datasets.
The BU3D-FE dataset consists of textured 3D face scans of
100 subjects performing 6 different expressions: Anger (AN),
Disgust (DI), Fear (FE), Happy (HA), Sad (SA), Surprised
(SU) at 4 different levels, and a Neutral (NE) expression (see
Figure 1 for examples). For this demonstration, we only con-
sidered the data from the maximum level which corresponds
to the apex of the expression. From the MultiPie dataset,

we selected 2D images from 160 subjects performing 4 dif-
ferent expressions: DI, HA, SU, and NE at 7 different yaw
angles (0, −45, −30, −15, 15, 30, 45) (see Figure 2a for exam-
ples). The MultiPie dataset also contains each expression and
pose at different illuminations; however, we only considered
the data from the frontal illumination.

To compute features from the datasets, 49 facial land-
marks were automatically extracted with the IntraFace soft-
ware [23]. Faces were aligned and normalized to a mean face
across the BU3D-FE dataset using the inner-eye landmarks
and the spine of nose. For selection of 2D and 3D features,
we followed the state of the art approach in [13], where four
modalities of features consisting of morphological, shape,
texture, and geometric features are computed around 19 of
the facial landmark points (see Figure 1). 3D morphological
features consist of 157 Euclidean distance pairs between the
19 landmarks on the range data of the faces. 3D shape fea-
tures consist of multi-scale local binary pattern (LBP) patches
around each of the 19 landmarks on the image of the range
data. Specifically, we compute LBP with radii ranging from 1
to 5, where the total features extracted across all the patches at
a given LBP scale is 4275. 2D texture features are computed
in the same manner as the 3D shape features except extracted
on the 2D textured images. 2D geometric features consist of
the same distance pairs as the 3D morphological features, but
the range value of each landmark is not considered. Principal
component analysis (PCA) is performed on each modality
independently, preserving at least 95% of the variation, thus
reducing the dimensions of the morphological, shape, texture,
and geometric features to 100, 1000, 1000, 100 respectively.
Thus in the following experiments dn = dm = 1100. For all
experiments shown, 2D images containing 7 poses with yaw
angles (0, −45, −30, −15, 15, 30, 45) were considered.

The sparse coefficient vectors for the projected discrimi-

nant frontal Q̃j representations were determined through Or-
thogonal Matching Pursuit (OMP) with sparsity constant λ =
1
7 dd, since the dictionary is composed of an even representa-
tion of samples across 7 expressions. For each experiment, a



Appr. Expr. Total

AN DI FE HA SA SU NE

3D [13] 83 87 68 93 83 95 — 85

Proposed 85 85 75 91 77 94 — 85

2D [10] 68 75 63 81 63 82 71 77

Proposed
82 85 72 91 66 94 81 82

w/NE

Table 1: Comparisons of recognition rates (%) for varying expres-

sion (expr.) across different methods on BU3D-FE dataset, including

a 3D specific framework [13], a pose-invariant framework [10], and

our proposed approach when Neutral is and is not included. Note

that [13] only considers a frontal pose and use 3D data for testing,

while we adopt a more general and challenging testing setup.

single facial expression classifier was trained by applying to

the extracted Q̃j representations a multi-class Support Vector
Machine (SVM) [24] with a radial basis function kernel. Ex-
periments in Section 3.2 perform a five-fold cross validation
procedure to construct and test on the pose-invariant dictio-
nary. Out of the samples chosen for constructing the dictio-
nary, a ten-fold cross validation procedure was performed to
determine the optimal SVM parameters.

3.2. Validation on BU3D-FE

We now present experiments performed on the BU3D-FE
dataset. Since the 3D modalities and the 7 poses are consid-
ered for the dictionary, it contains 8 dictionary blocks (see
Figure 1). Furthermore, K-SVD was applied to create a com-

pact dictionary D̃ ∈ R
8800×400. For testing, 2D images of

expressions performed at the 7 pose angles are used. Figure
2b provides an example of the sparse coefficients vectors
extracted from a given subject performing a specific expres-
sion at multiple poses. In this figure one can observe many
sparse coefficients that are present throughout all of the poses
(red arrows), thus illustrating that the learned dictionary is
invariant to observed poses. Furthermore since we assume
the sparse coefficient vector is approximately the same given
any modality from a sample, then we can project a given
sample to modalities that may not have been observed (e.g.,
projecting a posed image to one containing 3D features).

Our approach achieved high results for pose-invariant
FER, achieving 82% and 85% recognition rates when Neutral
is and is not considered. In Table 1 we compare our results
to those of two recently published, state of the art methods,
namely a pose-invariant method involving only 2D modali-
ties [10] and a 3D specific method that only considers frontal
face scans [13]. It should be noted the testing setup differed
between cited methods. Rudovic et al. [10] provide results
using manually annotated facial landmarks, and test on a
wide variety of poses unseen to the training data including
pitch poses. Zhao et al. [13] only consider 3D face scans,
frontal pose, and do not classify the Neutral expression. With
this said, our proposed approach therefore achieves results for
FER that are on par with current state of the art approaches
on the BU3D-FE dataset in a more general and challenging
setting. When not including the (challenging) Neutral ex-
pression, we achieve the same recognition rate as [13] even

Pose (deg) −45 −30 −15 0 15 30 45

Baseline 67 76 90 91 91 75 64

Proposed 86 87 90 92 90 88 85

Table 2: Comparisons of recognition rates for all expressions

across the 7 poses on the MultiPie dataset. Our proposed method

performs consistently well across drastic pose changes and signifi-

cantly outperforms the baseline at sever pose angles.

though they only use the frontal pose and 3D data for testing.

3.3. Pose-invariant FER from frontal training data

We now present an experiment that utilizes both the BU3D-
FE and MultiPie datasets, in order to validate the robustness
of our approach. We propose to first learn a cross-modal and
pose-invariant dictionary with the textured 3D data provided
by the BU3D-FE dataset. Then using the 2D images from the
MultiPie dataset, we wish to train and test a FER classifier.
Furthermore, we wish to demonstrate the power of our pro-
posed dictionary formulation by learning pose-invariant FER
classification models using only frontal faces from the Mul-
tiPie dataset as training samples and testing on posed 2D im-
ages from the MultiPie dataset. This is the first instance where
both of these datasets are utilized simultaneously and in this
fashion. Although the expressions presented in the MultiPie
dataset are only a subset of those presented in the BU3D-FE
dataset, we trained a pose-invariant dictionary based on the
entire BU3D-FE at the 7 dynamic pose angles to demonstrate
our approach’s general usability. Similar to the experiments
in Section 3.2, we applied K-SVD to get a final pose-invariant

dictionary D̃ ∈ R8800×400. Five-fold cross validation is car-
ried out on the MultiPie dataset, where at each fold 80% of
the MultiPie subjects are used to train a classifier and the
other 20% of the subjects at 7 different poses are used for
testing. The dictionary learned from the BU3D-FE dataset
did not change throughout any of the folds.

Table 2 shows the total recognition rates for all expres-
sions across each of the 7 poses for our proposed method and
a baseline method. The baseline method consisted of training
a multi-class SVM for each of the expressions performed on
a frontal pose using the same set of 2D features as in Sec-
tion 3.1. Both methods perform very well for nearly frontal
faces when the pose is between −15 and 15 degrees; however
outside this range, as severe pose changes occur, our method
greatly outperforms the baseline method and achieves high
recognition rates similar to those of nearly frontal faces.

4. CONCLUSION

We have presented a framework for constructing and learning
a cross-modality and pose-invariant dictionary for the task of
facial expression recognition. Using the BU3D-FE dataset,
we have shown we get results on par with current (frontal)
state of the art approaches for 3D and pose-invariant expres-
sion recognition. Furthermore, we have validated the robust-
ness of our approach by achieving high performance when
two different datasets are combined. The generic nature of
our approach allows for many extensions including the use of
different features and modalities.
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