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a b s t r a c t

Engineered features have been heavily employed in computer vision. Recently, feature learning from

unlabeled data for improving the performance of a given vision task has received increasing attention in

both machine learning and computer vision. In this paper, we present using unlabeled video data to

learn spatiotemporal features for video classification tasks. Specifically, we employ independent

component analysis (ICA) to learn spatiotemporal filters from natural videos, and then construct

feature representations for the input videos in classification tasks based on the learned filters. We test

the performance of proposed feature learning method with application to facial expression recognition.

The experimental results on the well-known Cohn-Kanade database show that the learned features

perform better than engineered features. The comparison experiments on recognition of low intensity

expressions show that our method yields a better performance than spatiotemporal Gabor features.

& 2012 Elsevier B.V. All rights reserved.

1. Introduction

Facial expression recognition is a challenging problem in
computer vision, which attracts much attention in recent years
for its potential important applications [1]. Appearance-based
methods have been heavily employed in this domain with great
success. Popular methods are Gabor filters [2], local binary
patterns (LBP) descriptors [3], Haar wavelets [4] and subspace
learning methods.

Traditional subspace methods [5–7] represent an image as a
high-dimensional vector by concatenating all rows or columns of
the image. In such a case, feature extraction will be a very difficult
task due to so called curse-of-dimensionality and small sample
size problem encountered. By treating each image as a 2D tensor
instead of a vector, some tensor analysis methods (e.g., TensorPCA,
TensorLDA) have been proposed [8,9]. Compared to traditional
subspace methods, these tensor methods are much more compu-
tationally efficient. For the task of dynamic recognition of facial
expressions, the samples in processing are image sequences
(usually with different length), and how to apply these subspace
and tensor methods directly to image sequences is not straightfor-
ward. We can simply use the last frame (apex) from each sequence
in recognition task, and in this way subspace and tensor methods

can be applied directly, but the important dynamic information
contained in sequences will not be exploited.

Facial expression is a dynamic process in nature. Both psycho-
logical experiments [10] and computer vision experiments
[11,12] have shown the importance of dynamic information in
recognizing facial expressions. In order to capture the temporal
characteristic of facial action units (AUs) and expressions, Yang
et al. [12] proposed dynamic Haar-like features to represent the
facial images, based on the coded dynamic features, Adaboost is
then used to perform feature selection and also construct the
classifier. Wu et al. [13] recently proposed to use spatiotemporal
Gabor filters for extraction of spatiotemporal information in facial
expression recognition tasks. Their work shows that spatiotem-
poral Gabor filters have a pretty good performance and outper-
form traditional spatial Gabor filters, especially in recognition of
subtle expression. However, the designing of parameters of
spatiotemporal filter bank is heuristic. What parameters, such
as spatiotemporal frequencies of filters, are important for a given
vision task is not clear yet.

Almost all of these methods mentioned above, both static and
dynamic, use engineered features to represent facial expressions.
The main weakness of which is that it needs expert knowledge in
designing feature descriptors and is difficult to generalize to the
tasks of other domain. Recently, in both machine learning and
computer vision domain, there are growing interests on learning
good feature representation from unlabeled data to improve
performance in many vision tasks [14–17]. For example, Raina
et al. [15] proposed a new machine learning framework called
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‘‘self-taught’’ learning, which uses sparse coding to learn features
from unlabeled data and makes the classification task of interest
easier. Kanan et al. [16] use independent component analysis
(ICA) to learn biologically-inspired filters from natural images,
and produce robust performance in object recognition. Taylor
et al. [17] recently proposed convolutional learning spatiotem-
poral features with gated Restricted Boltzmann Machine for
activity recognition, but the learning procedure is very expensive.
Compared to the fast growing study on feature learning in object
recognition, very little effort has been made on how to learn
spatiotemporal features for video classification tasks, such as
human activity recognition and facial expression recognition.

Labeled data are expensive and hard to obtain in machine
learning and computer vision. The framework of self-taught
learning is highly important because it can leverage the unlabeled
and unrelated data. Motivated by this learning framework, in this
paper, we investigate unsupervised learning spatiotemporal fea-
tures from unlabeled video data for a given video classification
task. Specifically, we employ independent component analysis to
learn spatiotemporal filters from natural videos, and construct
feature representations for input videos based on learned filters.
We apply this learned feature representation for facial expression
recognition. The experimental results show that the proposed
method outperforms state-of-the-art methods in facial expression
recognition.

The paper is organized as follows. In Section 2 we describe
how to learn spatiotemporal filters with independent component
analysis and video feature extraction based on the learned filters.
In Section 3, we present experimental results of our unsupervised
feature learning method applied to the task of facial expression
recognition. Conclusions will be presented in section 4.

2. Spatiotemporal feature learning

In this section, we firstly introduce the video preprocessing
method before feature learning. Next, we present learning spa-
tiotemporal filters with ICA from natural videos. At last, we
describe how to construct feature representations for the input
video clips in classification tasks with learned spatiotemporal
filters.

2.1. Video preprocessing

Data preprocessing is commonly adopted before feature learn-
ing algorithms. In this work, we preprocess videos with a 3D
spatiotemporal whitening filter which is a generalization of 2D
spatial whitening filter proposed by Olshausen and Field [18,19]
in their pioneer work of natural image statistics. The filter used in

data preprocessing step is actually a combination of whitening
filter and low-pass filter, which has a filter response as below,

R¼ Aðf s,f tÞe
�ðððf s=f 0sÞ

2
þðf t=f 0t Þ

2
Þ
1=2
Þ
4

The whitening filter A(fs, ft), which is the inverse of spatio-
temporal amplitude spectrum of natural videos, can sphere data
to have a roughly flat amplitude spectrum across all spatiotem-
poral frequencies. The reason of combining whitening filter with a
low-pass (exponential) filter is to avoid amplify noise at the
highest frequencies [19]. Where, fs is the spatial frequency, ft is
the temporal frequency, f0s and f0t are cutoff frequencies in space
and time respectively.

For convenience of visualization, Fig. 1 shows the 2D whiten-
ing filter for preprocessing natural images in both spatial fre-
quency and space domain. There is evidence that such a
whitening filter corresponds well to the response properties of
retinal ganglion cells [19]. In our experiments, we also find that
the spatiotemporal whitening is important in ICA learning for
improving performance of vision task. After whitening, the
correlations in video data can be much reduced. So it helps
accelerate convergence in following ICA learning algorithm.
Fig. 2 shows histograms of a video clip before and after spatio-
temporal whitening step. As a result of redundancy reduction, the
whitened video data have a low entropy distribution compared
with the raw input video.

2.2. Learning spatiotemporal Filters with ICA

Sparse coding [18,19] and ICA [20–22] are well-known learn-
ing algorithms in computational neuroscience, which can learn
filters similar to receptive fields of simple cells in visual cortex
from natural images and videos. In this paper, we employ ICA for
learning spatiotemporal filters from unlabeled video data. The
linear ICA model used in this paper is as below,

Iðx,y,tÞ ¼
X

i

aijiðx,y,tÞ

where, I(x,y,t) is the 3D cube extracted in random from videos,
which is assumed as a linear combination of a set of independent
components (or basis functions) ji(x,y,t). The linear ICA algo-
rithms try to find those components as independent of each other
as possible. The coefficient ai for the independent component
ji(x,y,t) can be extracted by the corresponding spatiotemporal
filter Fi(x,y,t),

ai ¼
X

x,y,t

Fiðx,y,tÞIðx,y,tÞ

Hateren’s natural video dataset [21] is used in ICA learning.
This database consisted of 216 video clips of 192 s each, on a wide

Fig. 1. 2D whitening filter in both spatial frequency (left) and space (right) domain.
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range of subjects, including sports, films, and wildlife. The video
resolution is 128�128 and 25 frames per second. We first
spatiotemporally whitening each video with the filter described
in Section 2.1. Then we randomly extract a large number of 3D
cubes from these unlabeled videos, with size of w�w pixels in
space and l frames in time. Each cube can be vectorized into a
K-dimensional column vector I(i), K¼w�w� l. We then construct
a dataset X¼{I(1),y, I(m)} with m randomly extracted 3D cubes. If
ICA learning algorithm is performed directly on these K-dimen-
sional cubes, we will get K independent bases as well as K

spatiotemporal filters. For computational efficiency, we apply
PCA first to do dimension reduction for cubes, and d principal
components are retained. Then we run FastICA [22] algorithm in
the d-dimensional PCA subspace. So we can eventually learn d

independent bases and d spatiotemporal filters in this subspace.
Some typical learned spatiotemporal filters are shown in Fig. 3,
each patch represents a spatiotemporal filter, and only the middle
frame of that spatiotemporal filter is displayed. These learned
filters resemble the receptive fields of simple cell in visual cortex,

covering different spatiotemporal frequencies and orientations.
We will use these filters to extract spatiotemporal features for
supervised video classification tasks.

2.3. Feature representation

We use these learned spatiotemporal filters to construct
feature representations for supervised video classification tasks.
The idea of feature extraction is straightforward. We simply use
these learned filters to construct a filter bank, and extract
spatiotemporal features from input video clip by 3D spatiotem-
poral convolution of the video with each of learned filters. This
spatiotemporal filtering will produce a very high-dimensional
feature vector for a video clip if we simply concatenated all of
filter responses.

We use a feature pooling method to obtain a much more
compact representation from filter outputs. After spatiotemporal
convolution, each spatiotemporal filter will produce a 3D feature
matrix with the same size to the input video clip. We divide this
feature matrix into several 3D blocks. In order to get an uniform
length representations for input videos of different time length,
the division is done only in spatial dimension. For each block, we
calculate the maximum absolute value to represents the block,
and this pooling procedure can effectively extract the strongest
response for each filter within each block. The maximum absolute
values from all the blocks and all the filters are concatenated to
form a feature vector for input video clip. Based on the proposed
video representation, we use support vector machine for the task
of video classification.

3. Experiments

We apply the proposed spatiotemporal feature learning method
to the task of facial expression recognition. The experiments are
conducted on Cohn-Kanade database [23] which is widely used in
evaluating facial expression recognition methods. This database
consists of 100 university students covering different races, ages
and genders. Subjects were instructed by an experimenter to
perform a series of 23 facial expressions, six of which were
prototypical emotions, i.e. angry, disgust, fear, joy, sad and surprise.
For our experiments, we selected 317 sequences from this data-
base, which were labeled as one of the six basic emotions. These
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Fig. 2. Histograms of a video clip before (left) and after (right) whitening.

Fig. 3. Typical spatiotemporal filters learned by ICA from natural videos, each

patch displays the middle frame of that spatiotemporal filter.
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sequences came from 93 subjects, with 1 to 6 emotions per subject.
The faces were detected automatically and then cropped to the size
of 96�96 as Wu did in [13] based on the coordinates of two eyes.
Some examples of this database are shown in Fig. 4.

We randomly choose 60 subjects as training set, and the rest
subjects as testing set. We run each experiment 10 times, and the
average results are reported. The ROC curve based on SVM
classification is used for performance evaluation.

3.1. Comparison with hand-designed spatiotemporal Gabor filters

For testing the effectiveness of these learned spatiotemporal
features, we first perform the comparison test with hand-designed
spatiotemporal Gabor filters. The facial expression dynamics of
video clips in the Cohn-Kanade database always start from neutral
expression and end on apex, as shown in Fig. 4. However,
spontaneous expressions observed in real-life are often very
subtle. So we perform recognition experiments on low intensity
expressions to make the problem harder and closer to reality
situation. For this purpose, to be consistent with [13], we use the
first 6 frames in comparison test. Another advantage of this test is
that, at the onset of facial expression, very little spatial informa-
tion about expression category can be used, dynamic information
is therefore more crucial for recognizing facial expressions. So, it
helps evaluate the power of dynamic information extraction for
different methods by using the low intensity expression frames.

We randomly extracted about 100,000 3D cubes from whi-
tened video clips, the cube size is 16�16�10. The cut-off
frequencies f0s and f0t used in whitening are set to 80% of the
Nyquist frequencies in space and time respectively. For compar-
ing our learned features with hand-designed features, we use the
same Gabor filter bank with 15 spatiotemporal frequencies
combinations and 16 orientations used in [13]. We also learn
240 (¼15�16) spatiotemporal filters by dimension reduction of
PCA before ICA learning. The block size used in feature pooling is
8. We do the same feature pooling both for hand-designed
features and learned features. The experimental results based
on first 6 frames are shown in Fig. 5. We can see that our method
using learned filters outperforms hand-designed filters for all six
expressions. This indicates that our method has a strong repre-
sentation power of dynamic information in expressions. Table 1
gives the corresponding values of area under ROC curve shown in
Fig. 5.

Gabor features are very popular in computer vision tasks.
However, the design of Gabor filter parameters is usually trouble-
some in applications. Because for a given vision task, it is very
difficult for us to know which parameters are better than others.
That therefore limits the applications of hand-designed Gabor
features in some extent. For this problem concerned, learning
filter bank directly from data may help. Actually, in object
recognition, there have been more and more evidences [14–16]
that sparse coding and ICA, both under the redundancy reduction
principle of neural systems, can learn good feature

representations from images for many visual tasks. Our experi-
ments indicate that apply this principle in spatiotemporal domain
can also help learn good feature representations from video data,
which effectively capture the meaningful local spatiotemporal
structure, and consequently improve performance of supervised
video classification tasks. Another reason for performance
improvement could be conjectured is that, in our method spatio-
temporal features were learned from natural videos, and there-
fore not overfitting to a particular dataset.

3.2. Comparison with coded dynamic feature

We also conduct comparison experiments with other popular
dynamic analysis methods in the area of facial expression recog-
nition. In [12], the coded dynamic features were used to represent
temporal information of the facial expressions, followed by a
feature selection step based on Adaboost. To be consistent with
their experiments setup, here, we use the last 6 frames previous
apex for each sequence in our method. The comparison results
based on area under ROC curve are presented in Table 2. From the
table, we can see that our learned spatiotemporal features with-
out further feature selection procedure perform better than the
combination of coded dynamic features and Adaboost in all cases.
The results indicate that our method can directly learn effective
spatiotemporal features from data, instead of performing explicit
feature selection based on engineered features, as many state-of-
the-art methods did.

3.3. The analysis of the role of whitening

Finally, we also evaluate the impact of biologically-inspired
spatiotemporal whitening step before ICA learning for improving
recognition performance. For this purpose, we again run FastICA
algorithm on the video data un-preprocessed by spatiotemporal
whitening described in Section 2. It turns out that we can also
learn similar spatiotemporal filters. But one obvious difference we
observed is that some of filters are not moving with time, that is
to say they are not spatiotemporal filters themselves. It means
that these filters can not capture the local spatiotemporal infor-
mation effectively from video data in learning procedure. To
further analyze the characteristics of these learned filters, we fit
Gabor functions to these learned filters and calculate
some statistics of filter parameters. We also found that the
spatiotemporal frequencies and orientations of learned filters
with whitening step cover more broad range than that of filters
without whitening step.

Regarding the effectiveness in video classification, we can see
from Table 3 that the performance (using first 6 frames) produced
without whitening step becomes much worse than before with an
exception for the expression ‘‘Anger’’. From these observations,
we believe that spatiotemporal whitening step can promote
learning more diverse and significant local structure from natural
video data based on ICA algorithm, due to the fact that this

Fig. 4. Video clip samples in Cohn-Kanade database.
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Fig. 5. performance comparison with hand-designed spatiotemporal Gabor filters.

Table 1
Comparison with hand-designed spatiotemporal Gabor filters (area under ROC curve).

Anger Disgust Fear Joy Sad Surprise

Spatiotemporal Gabor [8] 0.7228 0.6987 0.6422 0.8410 0.8296 0.8689

Our method 0.7739 0.7108 0.6916 0.8943 0.8478 0.8905

F. Long et al. / Neurocomputing 93 (2012) 126–132130
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preprocessing can not only reduce correlations but also remove
artifacts in highest frequencies in video data. As a result, the
learned features are more faithful to the intrinsic spatiotemporal
structure in video data, and therefore perform well in video
classification tasks.

4. Conclusions

In this paper, we presented an unsupervised spatiotemporal
feature learning method with ICA. We apply this feature learning
method to the task of facial expression recognition. The experi-
mental results on well-known Cohn-Kanade database show that
the learned spatiotemporal features outperform hand-designed
spatiotemporal Gabor features and other popular dynamic ana-
lysis methods for facial expression recognition. Another interest-
ing result we found is that the spatiotemporal whitening step
before ICA learning has an important impact on the improvement
of recognition performance. Our work indicates that learning
spatiotemporal features from unlabeled video data can make
supervised video classification task easier. In future work, we
will apply our method to other video classification tasks, such as
human activity recognition.
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