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Abstract— There are various scenarios where finding the
most similar expression is the requirement rather than clas-
sifying one into discrete, pre-defined classes, for example, for
facial expression transfer and facial expression based automatic
album generation. This paper proposes a novel method for find-
ing the most similar facial expression. Instead of the regular L2
norm distance, we investigate the use of the Structural SIMilar-
ity (SSIM) metric for similarity comparison as a distance metric
in a nearest neighbour unsupervised algorithm. The feature
vectors are generated using Active Appearance Models (AAM).
We also demonstrate how this technique can be extended and
used for finding corresponding facial expression images across
two or more subjects, which is useful in applications such as
facial animation and automatic expression transfer. Person-
independent facial expression performance results are shown
on the Multi-PIE, FEEDTUM and AVOZES databases. We
also compare the performance of the SSIM metric versus other
distance metrics in a nearest neighbour search for finding the
most similar facial expression to a given image.

I. INTRODUCTION

Facial expression analysis has many applications in Hu-
man Computer Interaction (HCI) systems. Gaining insight
into the user’s affective state via facial expression analy-
sis can provide valuable information for affective sensing
systems. There has been a considerable amount of research
exploring various methods for facial expression analysis,
which mainly revolve around classification of query images
into discrete, pre-defined classes either via supervised or
unsupervised algorithms. There are also many multimedia
applications such as facial expression transfer, image search,
browsing and album creation, which require finding the most
similar facial expression image. We propose a system, which
uses the Structural SIMilarity index as a distance metric
in a nearest neighbor classification algorithm. Our method
performs better than many commonly used techniques. We
further explore our method’s application for the problem of
finding corresponding images for facial expression transfer.

Facial expression analysis has been an active field of
research over the last two decades. Use of parameterized
models for the analysis of the human facial expressions has
been suggested in [1]. In [2], a comparison is performed
for various facial expression analysis techniques such as
Principal Component Analysis (PCA), Independent Com-
ponent Analysis (ICA), optical flow and local filters such
as Gabor wavelet representation via quantifying the Facial
Action Coding System (FACS) [3]. In [4], Active Appearance
Models are used for extracting facial features post fitting
and machine learning techniques to classify emotions into

FACS AU units. Recently, [5] evaluate various state-of-the-
art machine learning and image representation techniques
on a new practical environment dataset for robust smile
detection. In [6], the performance of kNN and weighted kNN
for facial expression recognition using the L2 norm distance
is discussed.

There has been some work on finding the similarity among
two images. The SSIM [7] is one such method. Recently,
the SSIM has been used for applications such as face
recognition, image quality matching, face range matching
etc. (e.g. [8]). Nearest neighbour (NN) classification is one
of the oldest machine learning techniques but is still used
extensively for its simplicity and performance. The majority
of new work on nearest neighbour is based on learning the
distance metric such as Largest Margin Nearest Neighbor
(LMNN) [9] and Nearest Component Analysis (NCA)[10].

A. Contribution

The contributions of this paper can be summarised as:
• We propose a novel method of facial expression analysis

using SSIM as the distance metric for NN classification
after an efficient expression feature vector is created
from fitting a person-independent AAM to the face
image.

• We compare our system with various distance metrics
in an unsupervised algorithm and demonstrate results
on the Multi-PIE [11] and FEEDTUM [12] facial data
corpora.

• We also demonstrate how the proposed technique can
be extended and used for locating corresponding facial
expression images across two or more subjects for the
task of facial animation and automatic facial expression
transfer. The results are computed from the AVOZES
[13] data corpus.

The rest of the paper is organised as follows: Section
II presents the proposed technique in detail. Section III
discusses the experimental results for expression grouping.
Section IV describes how the proposed technique can be
used to find corresponding facial expression images and
its experimental results. Finally, Section V provides the
conclusions and future work.

II. SYSTEM

Our facial expression analysis system starts with extracting
the AAM shape vector after AAM fitting, which is then used
to construct an intermediate representation – the expression



image (EI). The system then classifies EIs using SSIM as
a distance metric in kNN. From here on, we refer to our
technique as SSIM-NN. All steps are explained in detail
below.

A. Facial feature extraction.

1) Face localisation and fitting: The first step is to locate
the face. We use the Viola-Jones [14] face detector that gives
the location of the face. This is used as the initialisation
seed point for AAM [15] fitting. In recent times, learnt
model-based techniques have been extensively used in non-
rigid deformable object fitting. The AAM are a powerful
generative class of methods for modelling and registering
non-rigid deformable objects. Their real benefit comes from
their compact representation of appearance, which comprises
of shape and texture, as well as their rapid fitting to unseen
images. We used the AAM fitting method described in [16]
for its speed and accuracy. The fitting process gives the shape
vector s, which is then used to construct the feature vector
for facial expression analysis in our system.

2) Expression Image: The EI [17] is a visual descriptor
map, which depicts the facial expression of the face in
a normalised manner. AAM fitting gives a row vector P
containing location of each of the n landmark points

P = [x1; y1 . . . xn; yn] . (1)

P is then normalised by taking the horizontal Euclidean
distance between the outer eye corners on the left and right
side. The vertical normalisation distance is the Euclidean
distance between the tip of the nose and the midpoint
between the eyebrows. The choice for this normalisation is
driven by the static nature of these points with respect to
facial expressions. Further, we define an undirected graph G

G = (V,E) . (2)

The graph observes the following properties: V is a finite,
non-empty set and V are the vertices of G. It describes m
(m < n) landmark points which are used for defining EI . E
is a finite set of sets and is called edge of G. Each element of
E is a set that is comprised of exactly two vertices (landmark
points). From equation (1) and (2), we get an undirected
graph GP

GP = (V P , EP ) (3)

V P is a finite, non-empty set. The vertices V P are the
physical location (x, y) derived from P corresponding to the
V of G. EP is a finite set of edges derived from E of G.
EI is then defined as a binary visual map derived from GP

by drawing the graph as an image. The edges of the graph
are similar to distance vectors.

Graph G was prepared offline. The choice of specific
landmark points and the corresponding edges/distance vector
is derived from two motivations. Firstly, if the EI were to also
include the landmark points on the face contour, this would
lead to a bias towards a grouping of images that have the
same subject. Our aim is different. We wish to find similar
facial expressions rather than images of the same person.

Fig. 1. Row 1 and Row 2 depict the steps for EI formation for two images
(FEEDTUM [12]) of the same subject with different expressions: Happy
and Sad, respectively. From left to right are the input image with AAM
tracked landmark points (landmark points used for EI have been marked
with red), EI and EI overlaid onto the original image.

Hence, a balanced number of landmark points, which contain
sufficient information for representing the facial expression,
are chosen. The number and selection of landmark points was
found empirically, based on how much person-independent
the SSIM comparison could become using this descriptor.
Secondly, SSIM works on images. Hence, the EI are cre-
ated from the chosen landmark points and edges. Figure 1
describes the process of EI formation for two images of the
same subject with different expressions. Row 1 is a Happy
and Row 2 is a Sad expression. Note that the EI descriptor
images (Figure 1 centre) depict the facial expressions only
and have lost virtually all person-specific information, which
may bias the classifier towards similar faces, rather than
similar expressions. The landmark points highlighted with
red color have been used for EI formation. The EI is not
a vector of landmark positions; it is a high-level visual
representation of the facial expression, which is constructed
from chosen landmark points and their distance vectors.

B. SSIM

Once the EI are formed from all images, the next task
is to compare them for their similarity. We use the SSIM
[7] as the distance measure for expression grouping. It is a
technique of calculating similarity among two images. The
SSIM performs three different similarity measurements of
luminance, contrast and structure, and thereafter combines
them to obtain a single number. It calculates luminance and
contrast first and isolates structure from these two factors.
Please refer to [7] for further detail. The SSIM metric
between two windows w1 and w2 on the same size N ×
N is given by:

SSIM(w1, w2) =
(2µw1µw2 + c1)(2σw1w2 + c2)

(µw1
2 + µw2

2 + c1)(σw1
2 + σw2

2 + c2)
(4)

where µw1 and µw2 are the average of w1 and w2 re-
spectively. σ2

w1
and σ2

w2
are the variance of w1 and w2

respectively. σw1w2
is the covariance between w1 and w2.



Emotion Neut. Smile Surpr. Squint Scream Disg.
Neut. 92.4% 3.8% 0.0% 3.8% 0.0% 0.0%
Smile 3.3% 80.0% 6.7% 3.30% 0.0% 6.7%
Surpr. 6.7% 0.0% 80.0% 0.0% 13.3% 0.0%
Squint 13.3% 6.7% 0.0% 80.0% 0.0% 0.0%
Scream 11.1% 0.0% 22.2% 0.0% 66.7% 0.0%
Disg. 14.2% 0.0% 0.0% 0.0% 0.0% 85.8%

TABLE I
CLASSIFICATION ACCURACY OF SSIM-NN. HERE THE ROW IS THE

TRUE CLASS AND COLUMN IS THE ASSIGNED CLASS.

c1 = (k1L)2 and c2 = (k2L)2 are the variables to stabilize
the division with weak denominator. Here, k1 � 1 and
k2 � 2. L is the dynamic range of the pixel-values.

The SSIM is symmetric (S(w1, w2) = S(w1, w2)),
bounded (−1 6 S(w1, w2) 6 1) and has a maximum
(S(w1, w2) = 1 iff w1 = w2). This value decreases as the
images start to differ up to a minimum value of -1. Despite
its simplicity, the SSIM index performs remarkably well
across a wide variety of image and distortion types. We use
this as a way of comparing two EI, which simply visualise
the expression vectors. If the EI structures of normalised
mouth and eye regions are similar, then the SSIM gives a
higher value. The default implementation of SSIM uses a
Gaussian window for matching. Empirically, we found that
the disk shaped convolution window performed better than
other shapes, including the Gaussian window.

1) SSIM vs CW-SSIM: [18] also presented the Complex
Wavelet Structural Similarity Index (CW-SSIM), which is
more robust to translation and rotation than the SSIM metric.
It uses a complex version of a steerable pyramid transform
for decomposing the image, which results in the translation
and rotation invariant wavelet. We prefer SSIM over CW-
SSIM in our work because the EI is already global trans-
lation, rotation and scaling invariant, therefore using CW-
SSIM would only increase the computational complexity of
the proposed system. In [19], invariance to facial muscle
movement changes is mentioned as the reason for using
CW-SSIM. It makes the face recognition more robust toward
local changes due to the facial expression change. In contrast,
we wish to acknowledge the local translation due to muscle
movements, which constitute a facial expression change.

C. Nearest Neighbor Search

The Nearest Neighbor classification algorithm is one of the
oldest non-parametric instance based algorithm for classifi-
cation. For every input I , the algorithm finds k most similar
examples from the labelled training set and assigns the class,
which is most represented by the resultant nearest neigh-
bours. As discussed in [20], the primary reason why non-
parametric classification methods, such as the NN, perform
inferior in comparison to the parametric classifiers is due to
the quantisation of the image descriptors, which leads to a
larger error in the case of highly discriminative descriptors.
The parametric classifiers compensate for this during the
training phase but this leads to poor performance in non-
parametric classifiers. We use the SSIM metric as the simi-

Algo. SSIM-NN LMNN-1 LMNN-2 KNN-L2 NB
Per. 82.0% 54.0% 56.0% 50.0% 52.0%

TABLE II
CLASSIFICATION ACCURACY COMPARISON OF THE SSIM-NN,

LMNN-1, LMNN-2, KNN-L2 AND NAVES BAYES (NB) CLASSIFIERS.

larity distance metric between two EI, as it capitalises well
on the structural information of the face. Furthermore, our
high level descriptor EI captures the highly discriminative
aspect of the shape of the expression (the mouth and the
eyes) well. This leads to comparable performance when our
technique is benchmarked against some of the state-of-the-art
methods (see Sec. III).

III. EXPERIMENTAL VALIDATION

In the present experiments, we used the Multi-PIE [11] and
FEEDTUM[12] databases. The CMU Multi-PIE data corpus
is a new facial expression database which has 337 subjects
imaged under 15 view points and in 19 illumination condi-
tions. In the first data set, we randomly chose 260 images
of 125 different speakers comprising of 81 males and 44
female subjects from the Multi-PIE database. The training set
constituted 160 images of 63 speakers constituting 47 male
and 16 female For the test set, 100 images of 62 subjects
containing 34 male and 28 female subjects were chosen. The
subjects in the test and training data sets were mutually ex-
clusive. We trained the iterative-discriminative AAM model
[21], [16] on the Multi-PIE dataset and extracted the shape
vector for the test and training images. Table I displays the
confusion matrix for SSIM-NN performance on the Multi-
PIE database. Figure 2 shows some output of SSIM-NN on
Multi-PIE data corpus. Here Row A is the input and Row B
is the corresponding most similar facial expression.

For comparison, we also tested the Largest Margin Nearest
Neighbour (LMNN) algorithm [9]. LMNN learns a Maha-
lanobis distance metric over the labelled training set. We
tested with two different forms of input vectors, the first one
constitutes the landmark points chosen for building EI (we
refer to that as LMNN-1) and the second one constitutes of
the distance vectors between these EI points (LMNN-2). We
also compare our technique with kNN with L2 norm distance
and the single Gaussian Naves Bayes classifier. Table II
displays the comparison of classification accuracy of these
approaches. The SSIM-NN classifier performs better than
the others, as it compares the structure and the EI retains
the structural perceptive aspect of the local moments of the
face, which result in facial expressions. The performance of
any classification algorithm is highly effected by the type of
descriptor this can be stated a possible reason for average
performance of LMNN.

As the SSIM distance metric calculation uses a set of
convolutions, there is scope of parallelisation via the GPU,
which is becoming common in modern computers. We
tested the SSIM using the Jacket [22] Matlab plug-in on
a NVIDIA GT230M chipset, which gave a 10-12x compu-



Fig. 2. Some outputs of the SSIM-NN technique for k=1 on images from Multi-PIE data corpus. Row 1 are the input images and Row 2 are the
corresponding similar expression images.

(a) (b) (c)

Fig. 3. (a) depicts the extracted distance features. (b) and (c)are the
manually selected source and target reference images.

tational performance gain compared to an Intel Core2Duo
@ 2.53GHz. Without SSIM takes 3.46 seconds on average.
With parallelisation it takes on average 317 ms.

IV. LOCATE CORRESPONDING FACIAL EXPRESSION
IMAGES

We now show how we can solve the problem of finding
corresponding facial expression images for the application of
facial expression transfer by example with SSIM-NN. The
issue of transferring facial expressions from one person’s
face to another one’s has been an area of interest for the
movie industry and the computer graphics community for
quite some time. Various approaches, such as [23], [24],
[25], [26], have been proposed for facial expression trans-
fer/cloning. Generally, all these approaches require a set of
corresponding facial expression images across both source
and target subject to create a model that can be used for
automatic expression transfer.

The aim is to find the set of closest corresponding
expression images between the source and target subject,
taking into the account certain personal characteristics and
mannerisms. For example, it is possible for two people
to exhibit different amount of lip movement (for example
Figure 3(b) and Figure 3(c)), while saying the same word.
We wish to capture this difference while extracting the
corresponding EI, so that the model trained on this set of
images exhibit a high degree of realism. This can be done
by using methods, such as [27], that allow establishing a
correspondence between the meshes of any two arbitrary
objects. Since this method is designed for general meshes,

it needs manual intervention and is quite tedious [23]. Our
problem of finding the correspondence between the faces
of two different subjects is simpler owing to the structural
similarity between human faces and the constrained nature
of the face models [23]. We present a simple extension of the
SSIM-based approach mentioned in Sec. II, that efficiently
finds the closest correspondence images with minimal man-
ual intervention and can be used directly for collecting the
training data for facial expression transfer systems such as
[23], [24], [25], [26].

Here we extend the EI, and calculate distance vectors
(Figure 3(a)). The distance features are extracted from the
facial features, such as the mouth and eye regions, since they
are the region of interest for the experiments presented in
this paper. However, this method could be extended to cover
other facial features such as eyebrows and forehead etc., as
the landmark position of these facial features is available in
the AAM fitted shape vector.

Step 1 - Selecting Reference Images: Reference images
are required for taking base distances for normalisation. We
start by manually selecting a reference image, exhibiting the
same expression, for the region of interest of the source and
target subjects. In our experiments, we used the reference
images that exhibit open mouth expression with both tongue
and teeth visible. Figure 3(b) and 3(c) shows the reference
images for the source and target subjects. Before extracting
the distance feature from the reference images, both of these
reference images are similarity normalised, assuming the
eye corners as the reference points. The reference distance
feature is represented as DR = {dR1 , . . . , dRn } where n = 6
(see Figure 3(a)).

Step 2 - Extracting features from training sequences:
As a preprocessing step, shapes of all the frames are aligned
into a common coordinate frame with respect to the reference
images via similarity normalisation, as done in the previous
step. We extract the normalised distance features vector from
all the frames in the training sequences that will be used for
finding the correspondence images

D̄m =
[dm1
dR1

; . . . ;
dmn
dRn

]T
=

[
d̄m1 ; . . . ; d̄mn

]T
, m = 1 . . .M

(5)
where D̄ is the normalised distance features vector, M is the
total number of frames extracted from the training sequences



(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4. [(a):(b)], [(c):(d)], [(e):(f)] and [(g):(h)] are the input images and the
corresponding normalised EI images, drawn from the normalised distance
vectors.

and dmn is the nth distance feature extracted from the mth

frame.
Step 3 - Finding candidate correspondence images:

From the training sequences, we find a set of candidate corre-
spondence images of the target subject for every frame of the
source subject using the normalised distance features vector.
Let D̄Source

p be the normalised distance features vectors for
the pth source frame and D̄Target

q be the normalised distance
features vectors for the qth target frame

D̄Source
p =

[
s̄p1; . . . ; s̄pn

]T
(6)

D̄Target
q =

[
t̄q1; . . . ; t̄qn

]T
(7)

These vectors are used to construct the normalised EI images
described in the image Figure 4. Next, the EI of the source
and the target frame are compared using SSIM-NN. The
resulting most similar image is the best correspondence
image for the source frame in consideration. Hence, for every
source frame p = 1 . . . P , where P is the total number of
source frames in the training sequences, we select target
frames with the maximum similar result from the SSIM-NN,
as the candidate correspondence images. In our experiments,
we used k=4 for SSIM-NN.

Step 4 - Manually selecting the candidate set: In the pre-
vious step, the candidate correspondence images are selected
considering only the shape of the face. The texture of the
oral cavity is ignored. This can result in erroneous candidate
corresponding images. This is particularly a difficult problem
because different people have different amounts of oral cavity
and teeth/tongue visible, while otherwise exhibiting similar
expressions (Figure 3(b) and 3(c)). We manually select the
candidate set for a source frame in consideration and select
the visually best correspondence image from the candidate
correspondence images.

Fig. 5. Example outputs of SSIM-NN for locating corresponding facial
expression images on the AVOZES data corpus [13]. Column one images are
of the source subject and columns two - five are the four most similar images
of the target subject as calculated by the SSIM-NN. The most relevant output
which is manually selected out of the four results is marked with a green
circle.

A. Experiments and comparison

Figure 5 shows the experimental results of the process
described above. Column one are the source image frames
and columns two - five are the four most similar expressions
as calculated by SSIM-NN. The closest of the four is manu-
ally selected and has been marked with a green circle in the
example. In row one, the source target has neutral expression
and the found images have similar expressions. The most
suitable is the third result located in the fourth column. In
row three, the source exhibits large mouth opening and the
corresponding images of the target speaker also have a large
mouth opening. With manual selection out of the four results,
we chose result number four located in column five. Note
that as two people can say the same word differently, their
maxima and minima of mouth movement will be different.
In row four, the source subject closes eyes and the SSIM-NN
returns similar expression and the closest match is found in
its corresponding column three.

In [28], the authors presented a system for controlling a
face of a subject using a gallery of images of the subject
with an input face image. They extract Local Binary Patterns
(LBP) [29] from faces and compute distances using the χ2

distance. We refer it to as BJM (Being John Malkovich). We
implemented a similar system based on their work for finding
the corresponding expressions. Figure 6 compares the outputs
from our system and BJM[28], in this k = 1 for SSIM-NN.
Please note the subtle in the shape of the lips as detected
in the corresponding images in Row 2,3 & 4. In order to
objectively compare the two methods (SSIM-NN and BJM)
we conducted an experiment in which 20 human observers
were asked to choose the most similar expressions out of
the images calculated by the two methods against an input
image. In this blind experiment, the observers did not know
which output belonged to which method. They were given
three options, either the input image has the same expression



Fig. 6. Left: Input images. Middle & Right: Most similar corresponding
expression images found by our algorithm (Middle) and BJM (Right, [28]).
Our system performs similar to BJM and in some cases better. For example
in Rows 2,3 & 4, observe the small differences in the lip shapes.

as the output of one of the two methods or both methods
generated the same results. 36.6% of participants said that
SSIM-NN performed better than BJM, 34.1% concluded that
the output of both the systems were similar and the remaining
29.3% concluded that BJM performed better than SSIM-NN.

V. CONCLUSIONS AND FUTURE WORK

We presented a novel method for finding any similar
facial expressions, not limited to pre-defined discrete classes,
using SSIM. We utilise the shape characteristics of the face
and demonstrate the power of the NN classifier when an
efficient discriminative image descriptor is used. We have
shown experimental results on the Multi-PIE database and
FEEDTUM databases. Furthermore, a technique is described
to find corresponding images, which is a central problem in
applications such as the expression transfer, similar image
search and clustering. Instead of commonly used machine
learning techniques, we try to capitalise on the visual struc-
ture aspect of the expression. The paper makes an important
point that we should not neglect the high level visual
similarities and properties instead to straight forward use
of machine learning techniques. This inference can further
help and improve accuracy of machine learning algorithms,
if incorporated in the learning stage. As part of future work,
we will extend our method to the temporal domain.
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