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Abstract

We submit the results of our system to the THUMOS’13
Challenge on Recognition Task. We apply a multi-modal
approach to recognize actions on UCF101 dataset. These
features include Dense Trajectories (motion features), SIFT
(image features) and MFCC (audio features). Moreover, we
also use the Fisher vector encoding, which is a state-of-the-
art feature representation on popular image classification
and action recognition datasets.

1. Classification Framework

The action classification framework is shown in Figure 1.
Basically, it consists of following steps: feature extraction,
feature encoding and action classification.

1.1. Feature Extraction

We use feature from different modalities to model action
in UCF101: motion features, still image features, and audio
features. We use the Dense Trajectories [7] with Motion
Boundary Histogram (MBH) descriptor for capturing mov-
ing patterns in video. This is a state of the art motion feature
that is suitable for realistic videos because it can suppress
camera motions. We use the standard SIFT [4] with Hessian
Laplace detector for extracting still image feature. Finally,
the standard MFCC [3] feature is used to capture audio fea-
tures. Audio segment unit is set to 25 ms and the overlap-
ping parameter is set to 10 ms. The 13d MFCCs along with
each first and second derivatives are used for representing
each audio segment.

1.2. Fisher Vector Encoding

Fisher Vector [5] representation is a newly developed
feature encoding technique where the mean and variance
of local descriptors that belong to each cluster are also con-
sidered. Therefore, Fisher vector encodes more information
than the bag-of-words feature encoding. Following the stan-
dard implementation of Fisher vector, we use the codebook

size of 256 clusters which are generated using the Gaussian
Mixture Model (GMM). We further improve the expressive-
ness of Fisher vector by applying PCA for reducing feature
dimension, i.e from 128d to 80d for SIFT and from 192d to
128d for MBH descriptor.

1.3. Action Classification

We use the popular Support Vector Machine (SVM) for
classification. All the positive videos are considered as pos-
itive samples and the remaining videos are considered as
negative samples. LibSVM [1] is incorporated to our sys-
tem for learning steps because it is a standard implemen-
tation for SVM. We use linear kernel for training features
encoded by Fisher vector. Furthermore, we also utilized the
pre-computed kernel technique to reduce the training time.
This technique is especially useful when the number of ac-
tion classes are large.

2. Experiments

We report following experiments on the UCF101 dataset
[6], based on the train/test settings provided by the work-
shop organizers [2]. At first, we compare the Fisher vector
representation with the traditional bag-of-words representa-
tion. This experiment is reported for motion features only.
In the later part, we report the results of combining multiple
features, with consideration of using audio classes.

2.1. Fisher vector vs. Bag-of-words representation

For bag-of-words encoding method, we use the code-
book size of 4,000 codewords trained by K-means algo-
rithm. The soft assignment technique is also employed to
reduce the quantization errors. This is the default param-
eters in our framework. For Fisher vector encoding, we
consider applying Principal Component Analysis (PCA) to
reduce the feature dimension. The comparison is shown in
Figure 2. With current setting, we observed that Fisher vec-
tor representation is more robust than the bag-of-words one.
Moreover, applying PCA even improves the performance
more. For later experiments, we only use Fisher Vector en-
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Figure 1. Action Classification Framework

Figure 2. Fisher vector vs. Bag-of-words representation

coding with PCA. Except for audio feature, we do not apply
PCA because the dimension of audio feature is rather small.

2.2. Combined runs

We investigate different combinations of motion fea-
tures, image features and audio features. These features
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Figure 3. Performance of each single feature and their combinations

are combined using the late fusion technique with equal
weights for all runs. Note that the for audio features, we
only tested on 51 audio classes and their combination with
other features are also done on these classes. The perfor-
mance of each runs and their combinations are shown in
Figure 3.
We observe that the performance of motion features are
rather good. Interestingly, it is not complementary with im-
age features and audio features. The reason can be due to
the low performance of image features and audio features.
However, image features and audio features are comple-
mentary to each other. These results show that the motion
cues are very important to discriminate between actions,
while image and audio cues are more less important. The
main reason is some actions may be recorded in the same
scenes and/or involved in same objects, which in turn con-
fuse the classifiers.
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