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Existing works on action recognition rely on two separate stages: (1) designing hand-
designed features or learning features from video data; (2) classifying features using a clas-
sifier such as SVM or AdaBoost. Motivated by two observations: (1) independent compo-
nent analysis (ICA) is capable of encoding intrinsic features underlying video data; and
(2) videos of different actions can be easily distinguished by their intrinsic features, we
propose a simple but effective action recognition framework based on the recently pro-
posed overcomplete ICA model. After a set of overcomplete ICA basis functions are learned
from the densely sampled 3D patches from training videos for each action, a test video is
classified as the class whose basis functions can reconstruct the sampled 3D patches from
the test video with the smallest reconstruction error. The experimental results on five
benchmark datasets demonstrate that the proposed approach outperforms several state-
of-the-art works.

� 2014 Elsevier Inc. All rights reserved.
1. Introduction

Action recognition is an important research topic in the computer vision community. In the past decades, it has been
attracting increasing interest due to its many applications in sport video analysis [72], animation synthesis [58,59] and intel-
ligent video surveillance [44,1]. The goal of action recognition is to automatically recognize ongoing activities from a video.
Although it is effortless for human beings to recognize a specific action in complex scenes such as a crowded airport, it is
extremely difficult for a computer. Even if the scene is constrained to be simple, e.g., a single person captured by a static
camera, most existing action recognition systems can only recognize a small number of simple actions, which is still far from
becoming useful in practical situations.

From the perspective of pattern recognition, an action recognition system usually consists of two main stages: feature
representation and classification. The purpose of feature representation is to compute a feature vector from a video to rep-
resent its appearance. Using this feature representation method, a collection of feature vectors is extracted from training vid-
eos of all classes and can then be used to train a multi-class classifier. After extracting the feature vector from a new test
video, the trained classifier can be used to classify the test video as one of the predefined action classes. In recent years, many
interesting feature representation and classification methods have been proposed [45,57,51,62,13,71,50,64] for different rec-
ognition tasks. In the field of action recognition, a huge number of works have also been proposed [20,26,24,46,29,41,63].
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Most of these methods focus on feature representation and usually follow a classical pipeline [48] that divides the feature
representation into three steps: local feature extraction, vector quantization and global feature pooling. Kmeans is widely
used in the vector quantization step [29]. In feature pooling step, a bag-of-words model is usually adopted to combine local
features to form the final feature representation [6]. The majority of the existing work focuses on how to extract powerful
features in the local feature extraction step.

In recent years, low-level hand-designed features have been heavily employed in action recognition, motivated by their
successes in object recognition in still images. The most successful hand-designed features include Gabor responses [45],
SIFT [33], HOG [10], GLOH [36], SURF [3] and trajectory features [47]. To describe the appearance of a video, a 3D detector
is usually used to locate the interest points with rich features. Well-known feature detectors include Harris3D [25], Cuboid
[11] and Hessian [53]. After detecting an interest point, a 3D descriptor is used to describe the appearance of the 3D patch
centered at the detected point. The widely used 3D descriptors are Cuboid [11], HOG/HOF [26], HOG3D [24], Extended SURF
[53], slow features [69] and others [37,43]. Note that these 3D descriptors are usually extended from their 2D versions used
in object recognition in still images.

Hand-designed features need much prior knowledge, therefore, they cannot adapt well to different video data. In addi-
tion, the research purpose of computer vision is to approach and even outperform human intelligence. Human beings have
the ability of learning knowledge from the external word. Therefore, in contrast to hand-designed features, learning features
from video data is more important for developing intelligent action recognition systems. Recently, unsupervised feature
learning methods have been successfully used in object recognition [49,7,62,61], image classification [57,60,71] and visual
tracking [30,65,70,67,66]. Among these methods, sparse coding has been attracting increasing interest because the responses
of sparse coding have similar properties with receptive fields of simple cells in visual cortex [38,39]. Independent component
analysis (ICA) [5,19], a specific case of sparse coding when constraining the number of basis functions to equal the feature
dimension, also shows similar response properties with simple cells in visual cortex and achieves success in face recognition
[2] and action recognition [29]. Very recently, some sophisticated learning methods such as convolutional GRBM [46], dy-
namic topic model [16], 3D convolutional neural networks [22], temporal bayesian networks [68], temporal actom model
[12] and Gaussian mixture model [56] have also been used in action recognition.

The features learning methods mentioned above are only for modeling the appearance of a video. The resulting rep-
resentation has to be fed into a classifier to perform the final recognition task. Although many methods report reaching
desired performance, the ability of the learning methods is not fully exploited. An interesting question is whether we
can directly exploit the learning methods to perform classification? A few works have been proposed along this line
for abnormal behavior detection in a video [9] or novel topic detection in document [23]. In [9], a normal dictionary
is learned by sparse coding from training videos containing only normal behaviors. The sparse reconstruction cost over
the normal dictionary is used to measure the normalness of a test video. Similarly, Kasiviswanathan et al. [23] also
learns a normal dictionary to represent the documents containing only normal topics and then uses the sparse recon-
struction cost over the normal dictionary to measure the novelness of a test document. Both of these works attempt
to solve a binary classification problem. They cannot be used for multi-class classification, e.g., action recognition studied
here. In this paper, we propose an approach to action recognition based on reconstruction error over an overcomplete
ICA dictionary. Unlike Le et al. [29], our method uses ICA to perform classification rather than extracting features for a
SVM classifier. In particular, we use the newly proposed overcomplete ICA to train a set of basis functions using 3D
patches densely sampled from training videos for each class. For a new test video, we densely sample a set of 3D
patches from it and reconstruct them using the basis functions learned for each class. The test video is classified as
the action class whose basis functions can reconstruct the test video with the smallest error. The conceptual diagram
of the proposed method is shown in Fig. 1.

The motivation of the proposed method is that videos from an action class contain specific intrinsic features, which can be
used to distinguish them from others. By densely sampling local 3D patches from training videos for all action classes, the
class label of a test video can be inferred from the underlying features in the 3D patches sampled from it. When learning a set
of overcomplete ICA basis functions from the sampled 3D patches from an action class, these basis functions capture the
underlying features in the patches. Intuitively, if the new video comes from the same action class, the learned basis functions
should reconstruct it with minimal error. Therefore, we can exploit this property to classify the test video. In contrast to pre-
vious methods, which extract feature representation to describe the video and then classify its feature representation by a
SVM [17,52,14] or AdaBoost classifier, our method exploits the statistical properties of the underlying features learned by
overcomplete ICA for classification. The proposed method is more intuitive and experimental results verify that it outper-
forms several state-of-the-art works.

The rest of the paper is organized as follows. In Section 2, we review some related works on feature representation for
action recognition. Section 3 presents a detailed description of the proposed action recognition method. Experimental results
are reported and analyzed in Section 4. We conclude the paper in Section 5.
2. Related works

In this section, we review some related works on feature representation for action recognition including both the hand-
designed features and learning based features.



Fig. 1. A conceptual diagram of the proposed action recognition framework.
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2.1. Hand-designed features for action recognition

Extracting local features for action recognition usually consists of two steps: detecting features with a detector and rep-
resenting features with a descriptor. Both the detector and descriptor are usually extended from 2D image domain to 3D
video domain, inspired by their success in object recognition. Laptev and Linderberg [25] extends the Harris detector [15]
and proposes the Harris3D detector. Dollar et al. [11] proposes the Cuboid detector, which first computes the temporal Gabor
filters responses and then locates the interest points by finding the maximal responses in a local range. Inspired by the suc-
cess of the Hessian saliency measure used in blob detection in images, Willems et al. [53] proposes the Hessian detector as a
spatio-temporal extension of the Hessian saliency measure. In addition to these sparse interest point detector, dense sam-
pling can also be considered as a special detector which extracts video patches at regular positions and scales.

After detecting an interest point, a feature descriptor is used to extract local features around the interest point. Dollar
et al. [11] proposes the Cuboid descriptor. To characterize the local motion and appearance features, Laptev et al. [26] com-
putes histograms of spatial gradient and optical flow accumulated in space–time neighborhoods of the detected interest
points. Klaser et al. [24] proposes the HOG3D descriptor, which is based on histograms of 3D gradient orientations and there-
fore can be seen as an extension of the popular SIFT descriptor [33]. Similarly, Willems et al. [53] extends the SURF descriptor
[4] to extract features from a video.

2.2. Learning based features for action recognition

Recently, feature learning methods have been introduced in action recognition. Taylor et al. [46] proposes a novel con-
volutional GRBM method for learning spatio-temporal features, which can be considered as an extension of convolutional
RBMs from 2D images to 3D videos. Because the objective function is intractable and thus sampling is required, their method
has high computational cost and takes 2–3 days to train the model on the Hollywood2 dataset. This disadvantage limits their
applications for large scale problems. Ji et al. [22] extends convolutional neural networks from 2D spatial domain to 3D spa-
tio-temporal domain to learn features for action recognition. This method extracts features from both the spatial and tem-
poral dimensions by performing 3D convolutions, thereby capturing the motion information encoded in multiple adjacent
frames. Similar to Taylor et al. [46], Le et al. [29] proposes a hierarchical invariant spatio-temporal feature learning frame-
work based on independent subspace analysis. Their model consists of two layers. The first layer vectorizes the sampled 3D
patches into column vectors and then uses ICA to learn a set of ICA basis functions. The second layer uses the subspace ICA to
encode the responses of the first layers. Finally the responses of the first and second layers are combined to form the final
features vector using the bag-of-word model [27]. The feature vectors are then fed into a SVM classifier to perform
classification.
3. Proposed method

The proposed action recognition framework based on overcomplete ICA is illustrated in Fig. 1. At the training stage, after
densely sampling a set of 3D patches from training videos of each class, a set of overcomplete ICA basis functions are learned.
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At the test stage, we densely sample a set of 3D patches from a test video and represent each patch using the learned ICA
basis functions of each class, respectively. For each class, the sum of reconstruction errors of all patches is used to estimate
the probability that the test video comes from this class. The class label of the test video is chosen as the class with the lowest
reconstruction error.

In this section, we first introduce the basic ICA and overcomplete ICA in Section 3.1 and then the details of the proposed
method is introduced in Section 3.2.

3.1. Standard ICA and overcomplete ICA

In this work, vectors are always column vectors and denoted by lower case bold Roman letters such as x. Uppercase bold
Roman letters, such as W, denote matrices. We use WðkÞ to denote the kth row of matrix W. A superscript T denotes the trans-
pose of a matrix or vector. For convenience, Table 1 lists important notations used in the rest of this paper.

Given a set of unlabeled training samples X ¼ ½x1;x2; . . . ;xN� 2 RD�N where xi 2 RD can be a vectorized image patch with
size S� S. If the image is gray, then D ¼ S� S. If the image is color, then D ¼ S� S� 3. Standard ICA [19] trains a transfor-
mation matrix W 2 RK�D (also called as filter matrix) by optimizing the following objective function
min
W

XN

i¼1

XK

k¼1

GðWðkÞxiÞ; s:t: WWT ¼ I ð1Þ
where Gð�Þ is a nonlinear convex function, e.g., smooth L1 penalty Gð�Þ ¼ logðcoshð�ÞÞ [18], WðkÞ is also called as a linear trans-
formation, K is the number of linear transformations. The orthonormality constrain WWT ¼ I is used to prevent the linear
transformations in W from becoming degenerate. This constrain is usually referred to as ‘‘non-degeneracy control’’.

To speed up the optimization above, the training samples need to be whitened to have zero mean,
PN

i¼1xi ¼ 0, and unit
covariance, 1

N

PN
i¼1xixT

i ¼ I. This preprocessing can be achieved by first subtracting the sample mean from each sample and
then linearly transforming each sample using the eigendecomposition of the sample covariance matrix [19].

The inverse of the transformation matrix, A ¼W�1, is called the basis matrix. Each column vector of A is an independent
component, also called as basis function. Note that W is orthonormal, therefore, A ¼W�1 ¼WT . If we represent x as a liner
combination of all basis functions
x ¼ As ð2Þ
The coefficient vector s 2 RK can then be computed as
s ¼Wx ð3Þ
We can consider each linear transformation as one feature underlying the training samples. Bell and Sejnowski [5] indicates
that the independent components of natural scenes are edge filters. In Fig. 2, we show 256 ICA basis functions which are
learned from a set of 16� 16 image patches. As we can see that the basis functions are similar to Gabor filters and capable
of responding to local edge structures.

Standard ICA requires the number of features equal the dimension of samples, K ¼ D. However, Olshausen and Field [38]
advocates overcomple representation due to its rich representation ability. To get an overcomplete representation, K > D,
the orthonormality constrain can no longer hold. As a result, approximate orthonormalization (e.g., Gram–Schmidt),
fixed-point iterative method [19], interior point method [34] or score matching [18] can be used to solve the optimization
problem. However, these methods have high computational complexity because, for example, score matching requires back-
progagation of a Hessian matrix, which is very time-consuming.

To compute overcomplete ICA representation with low computation cost, Le et al. [28] uses a soft reconstruction cost to
replace the hard orthonormal constrain in Eq. (1). Similar to ICA, let basis function matrix be A ¼WT . The reconstruction
error of representing xi using basis functions in A can be computed as kWT Wx� xik2

2. The resulting unconstrained optimi-
zation problem can be formulated as
min
W

k
N

XN

i¼1

kWT Wxi � xik2
2 þ

XN

i¼1

XK

k¼1

GðWðkÞxiÞ ð4Þ
Table 1
Important notations used in this paper and their descriptions.

Notation Description

V A video
x A vectorized 3D patch
X A collection of sampled 3D patches
I Identity matrix
W ICA transformation matrix
A ICA basis matrix
Gð�Þ Smooth ‘1 penalty function



Fig. 2. The 256 standard ICA basis functions learned from 16� 16 image patches.

Fig. 3. The 512 overcomplete ICA basis functions learned from 16� 16 image patches.
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where k is a parameter that controls the relative importance of the reconstructive error in the optimization function. The
above optimization problem can be efficiently solved by the unconstrained optimizers L-BFGS [31].1 Fig. 3 shows 512 over-
complete ICA basis functions that are learned from a set of 16� 16 image patches. Compared with standard ICA basis functions
(shown in Fig. 2), overcomplete ICA basis functions can encode richer local features.

3.2. Action recognition based on overcomplete ICA

Let fVc;1;Vc;2; . . . ;Vc;Ncg be training videos from class c, where Nc is the number of videos in class c. For each video Vc;i, let
Xc;i ¼ ½xc;i;1;xc;i;2; . . . ;xc;i;Mc;i

� 2 RD�Mc;i be the densely sampled 3D patches with size W � H � L, where Mc;i is the number of
sampled 3D patches from the ith video in class c. To implement dense sampling, we let the sampling window slide along
x; y and t directions with steps W

2 ;
H
2 and L

2, respectively. Each patch is vectorized into a D dimensional vector where
D ¼W � H � L.2 Let Xc ¼ ½Xc;1;Xc;2; . . . ;Xc;Nc � 2 RD�Pc be all collected 3D patches from class c where Pc ¼

PNc
i¼1Mc;i is the number

of all patches. Using Xc as training samples, the basis functions of the cth class can be learned by optimizing
1 We
2 Her
min
Wc

k
Pc

XPc

i¼1

kWT
c Wcxi � xik2

2 þ
XPc

i¼1

XK

k¼1

G WðkÞ
c xi

� �
ð5Þ
Let fW1;W2; . . . ;WCg and fA1;A2; . . . ;ACg be the trained ICA transformation matrices and basis function matrices for all C
classes, respectively. Fig. 4 shows nine basis functions chosen from a total of 512 overcomplete basis functions that are
learned from 16� 16� 10 3D patches. As we can see that each basis function can encode a specific motion pattern. For
example, when the 3D patch contains an edge moving from left to right, the first basis function will have strong responses.

Given a new video V, let X ¼ ½x1;x2; . . . ;xN� 2 RD�N be the densely sampled 3D patches from it. For each patch xi, we rep-
resent it using the basis functions of the cth class. The representation coefficients can be computed as
use a modified version of the minFunc toolbox available for downloading at http://www.cs.ubc.ca/schmidtm.
e we assume the video consists of gray frames.

http://www.cs.ubc.ca/schmidtm


Fig. 4. An illustration of several overcomplete ICA basis functions learned from 16� 16� 10 3D patches. Each patch is vectorized into a 2560-dimensional
vector and then reduced to 256 dimensions by PCA. The number of ICA basis functions is 512. In this figure, each row corresponds to a basis functions.
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si ¼Wcxi ð6Þ
The resulting reconstruction error of all patches can be computed as
Ec ¼
XN

i¼1

kWT
c Wcxi � xik2

2 ð7Þ
Recently, sparse representation based face recognition methods have achieved great success [54,55]. Motivated by these
works, we observed that if a test video V comes from class c, it has similar underlying features with the videos from the same
class. Therefore, the patches sampled from V should be effectively represented by the basis functions of class c. In other
words, the basis functions of class c can reconstruct those patches with minimal error. So the test video can be classified
as the action class whose basis functions can reconstruct the video with the smallest error. The class label of the test video
therefore can be computed as
c� ¼ arg mincEc ð8Þ
The details of the proposed method are summarized in Algorithm 1.

4. Experiments

To evaluate the effectiveness of the proposed action recognition framework, in this section, we compare our method
against several state-of-the-art action recognition algorithms. The chosen methods can be classified as two groups. The first
group is based on hand-designed features including HOG/HOF [26], HOG3D [24] and HMAX [20]. HOG/HOF divides a video
into a set of cuboids and for each cuboid the coarse histograms of oriented gradient (HOG) and optical flow (HOF) are com-
puted. The local feature descriptors are then combined by the bag-of-word model [27] and finally fed to a SVM classifier for
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Fig. 5. Sample images of each action class on the KTH dataset.
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classification. HOG3D adopts a similar framework to HOG/HOF but extracts histograms of oriented 3D spatio-temporal gra-
dients as local descriptors. HMAX is built on a biologically inspired feature representation model. It extracts local features by
spatio-temporal filters and pools them in a local range by a max operator to increase invariance. The second group consists of
three action recognition methods based on feature learning including GRBM [46], ISA [29] and AutoContext [8]. GRBM uses
Gated Restricted Boltzmann Machine (GRBM) to learn latent representations of image sequences from pairs of successive
images. ISA uses subspace ICA to learn features representation of a 3D patch. AutoContext automatically learns context fea-
tures from a time window to improve the recognition performance. Note that all of these chosen methods focus on features
representation and use SVM or AdaBoost for classification.
4.1. Experimental setup

We choose five widely used action recognition datasets for test, including KTH [42], UCF sport actions [40], Hollywood2
[35], YouTube action [32] and CRIM13 [8], which are available for downloading.3 Among these five datasets, the KTH dataset is
relatively simple and the Hollywood2 dataset is more challenging. Some sample images of the KTH and Hollywood datasets are
shown in Figs. 5 and 6, respectively.

In all experiments, we set the patch size W � H � K as 8� 8� 4, the number of basis function K as 512, the relative impor-
tance parameter k as 0.05. It should be noted that the most adjustable parameter is K. Although adjusting K would improve
the recognition performance, we fix it in all experiments. We use the code publicly available4 to learn the overcomplete ICA
basis functions. It should be noted that we adopt the same dataset splits and performance evaluation metrics as in Wang et al.
[48]. In particular, for the KTH, UCF and Youtube datasets, we use the average accuracy over all classes as the performance eval-
uation. For the Hollywood2 dataset, we compute the average precision (AP) for each class and report the mean AP over all clas-
ses as the final performance. The performance of other compared methods are obtained from either the original paper or the
survey work [48].
4.2. Experimental results

The first experiment is on the KTH dataset which contains 2391 videos with 6 action labels. Similar to Wang et al. [48] and
Le et al. [29], we split the dataset into the test set, which contains subjects 2, 3, 5, 6, 7, 8, 9, 10, 12 and the training set, which
contains the rest of the subjects. The recognition performance of the evaluated methods on this dataset is shown in Table 2,
from which we can see that although our method does not use SVM for classification, its performance is still superior to the
ISA method, with a 2.4% increase. The confusion matrix of our method on this dataset is shown in Fig. 7. As we can see, our
3 The KTH dataset can be downloaded from http://www.nada.kth.se/cvap/actions, the Hollywood2 dataset can be obtained from http://pascal.inrialpes.fr/
hollywood2/, the UCF sport actions and Youtube datasets can be downloaded from http://server.cs.ucf.edu/vision/data.html, the CRIM dataset can be
downloaded from http;//www.vision.caltech.edu/Video_Datasets/CRIM13.

4 http://ai.stanford.edu/�quocle.

http://www.nada.kth.se/cvap/actions
http://pascal.inrialpes.fr/hollywood2/
http://pascal.inrialpes.fr/hollywood2/
http://server.cs.ucf.edu/vision/data.html
http://http;//www.vision.caltech.edu/Video_Datasets/CRIM13
http://ai.stanford.edu/~quocle
http://ai.stanford.edu/~quocle


Fig. 6. Sample images of each action class on the Hollywood dataset.

Table 2
Average accuracy on the KTH dataset.

Method Accuracy (%)

HOG/HOF [26] 88.0
HMAX [20] 91.7
3D CNN [21] 90.2
GRBM [46] 90.0
ISA [29] 91.4

Our method 93.8
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Fig. 7. The confusion matrix for the KTH dataset.
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method misclassifies 17% of test videos of the running action as the jogging action. It should be noted that the jogging action
is very similar with the running action. For example, in the second row of Fig. 5, it is difficult to distinguish these two actions.

The most important parameter in our method is the number of basis functions K, which reflects how overcomplete the
basis functions are. We set its value by tuning the recognition performance on the KTH dataset. Fig. 8 shows the average
accuracy obtained by the proposed method with different K values on the KTH dataset. From this figure, we can see that
the proposed method achieves the best performance with K ¼ 512, which is two times of the feature dimension. When
K ¼ 64 or K ¼ 128, the learned ICA basis functions are undercomplete. The performance of the proposed method is worse
than HOG/HOF. As K increases, the average accuracy increases until K ¼ 512. When K ¼ 768 or K ¼ 1024, the performance
decreases. The possible reason is that the KTH dataset is relatively simple and there are only a small number of motion
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Fig. 8. The average accuracy obtained by the proposed method with different K values on KTH dataset.
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features. When K increases to above 512, the extra basis functions cannot capture new motion features. In contrast, they will
reduce the discriminative ability of the reconstruction error.

The second experiment is on the Hollywood2 dataset which contains 823 train videos and 872 test videos. There are a
total of 12 actions and each video may have more than one action label. The performance comparison on the Hollywood2
dataset is shown in Table 3. It should be noted that the Hollywood2 dataset is very challenging because the videos are from
real movies and include complex camera motions. From Table 3, we can see that our method achieves the best performance.

The third experiment is conducted on the UCF sport action dataset which contains 150 videos with 10 action labels. As in
Wang et al. [48], we extend the dataset by adding a horizontally flipped version of each video. As we can see from Table 4, the
proposed method significantly outperforms the other methods. In particular, compared with the hand-designed features in
Laptev et al. [26], our method has a 4.1% increase. Even if compared with the ISA based feature learning method, our method
is also slightly better. The confusion matrix of our method on the UCF sport action dataset is shown in Fig. 9, from which we
can see that the most challenging action is the ride horse. For example, 17% of videos of the ride horse are misclassified as the
kick action.

The Youtube dataset contains 1600 videos with 11 labels. We use the experiment setting in Liu et al. [32], which takes
part of the dataset (1168 videos, including all videos from biking and walking classes, and only videos from indexed 01
to 04 for the rest of classes) and obtains the average accuracy over 25-fold crossvalidation. The 25-fold crossvalidation is
performed according to the authors’ original split. For the hand-designed features, we select the method in Liu et al. [32]
which combines both the static and motion features. Experimental results are shown in Table 5, from which we can see that
our method is significantly superior to the other two methods with an increase of 11.6% and 7%, respectively. The confusion
matrix of our method on the Youtube dataset is shown in Fig. 10. The most challenging actions are the juggle and tennis,
which have less than 70% recognition rates.

The fifth experiment was conducted on the CRIM13 mouse dataset which was built to evaluate the performance of a con-
tinuous mouse social behavior recognition method named AutoContext [8]. There are a total of thirteen different actions
including approach, walk away, circle, chase, attack, copulation, drink, eat, clean, human, sniff, up and other. In Burgos-Artizzu
et al. [8], the classifier recognizes which action appears in each frame. To output the predicted action for a frame, we put a
time window (e.g., 100 frames) centered on each frame and consider the frames insider this window as a test video. The
Table 3
Mean AP on the Hollywood2 dataset.

Method Accuracy (%)

HOG/HOF [26] 47.7
HOG3D [24] 45.3
GRBM [46] 46.6
ISA [29] 53.3

Our method 54.1



Table 4
Average accuracy on the UCF sport actions dataset.

Method Accuracy (%)

HOG/HOF [26] 82.6
HOG3D [24] 85.6
ISA [29] 86.5

Our method 86.7
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Fig. 9. The confusion matrix for the UCF sport dataset.

Table 5
Average accuracy on the Youtube dataset.

Method Accuracy (%)

Feature combination [32] 71.2
ISA [29] 75.8

Our method 82.8
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Fig. 10. The confusion matrix for the Youtube dataset.
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predicted action for this video is treated as the output for the frame. The confusion matrix of the proposed method is shown
in Fig. 11. We compare the proposed method with AutoContext and HMAX. The compared results are shown in Table 6. Our
method significantly outperforms the HMAX method and is slightly superior to the AutoContext method. It should be
emphasize that AutoContext model uses both trajectory and spatio-temporal features. When spatio-temporal features alone
are used, only 43.0% accuracy was reported. Although this dataset consists of thirteen actions, our method still achieves de-
sired performance due to the discriminative ability of the reconstruction error on the learned overcomplete representation.
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Fig. 11. The confusion matrix for the CRIM13 dataset.

Table 6
Average accuracy on the CRIM13 mouse dataset.

Method Accuracy (%)

autoContext [8] 61.2
Hmax [20] 49.35
Our method 61.88
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5. Conclusion

In this paper, we proposed a simple but effective action recognition framework based on overcomplete ICA. In contrast to
traditional action recognition methods relying on a SVM classifier, our method exploits the response properties of overcom-
plete ICA to perform classification. At the training stage, a set of overcomplete ICA basis functions are learned from 3D
patches sampled from each action class. At the test stage, a collection of 3D patches are sampled from the test video and
coded by the basis functions of each action class. The test video is classified as the action class whose basis functions can
reconstruct the test video with the smallest error. In contrast to the existing action recognition methods, our method does
not rely on SVM classification. Experimental results on five benchmark datasets validate the effectiveness of the proposed
method.
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