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ABSTRACT
This contribution addresses the approach to recognize single and multiple human
actions in video streams. This work introduces a novel action recognition algorithm with
normalization enhancements. Initially feature vectors are extracted using 2D SIFT
features. Bag of Words model is extended with a new normalization technique on the
visual vocabulary to make the dimensions same so that the actions would be easier to
read and extract. This normalization technique vastly improves the results from the state
of the art methods. HMM based model is developed for training and testing of six basic
actions present in the KTH human action dataset. By comparing our work with
previously applied models, results display that our approach vastly improves the accuracy
of the existing methods of action recognition.
INTRODUCTION
Human action recognition is a widespread area of research given the advancement in
digital technology. It is even more so given the online exponentially increasing trend of
video data. To extract information from the videos humans need to view the videos. As
humans are prone to errors our goal is to provide an enhancement algorithm to already
established methods and techniques to ease the recognition of events and behaviors for
retrieval, alerting and summarization of the data.
Action recognition representation can be categorized as: flow based approaches [12],
spatio-temporal shape template based approaches [25], tracking based approaches [4] and
interest points based approaches [51]. In flow based approaches optical flow is used for
describing motion descriptors. Optical flow computation is used to detect motion
descriptors. Optical flow is quite sensitive to noise and changing background so it cannot
truly detect the changing action in different frames. Spatio-temporal shape template based
algorithms describe the human action recognition as a 3D action frame and features are
extracted using 3D volume approaches. The spatio temporal shaped approaches are good
for small videos but where a huge dataset is concerned the computational costs are too
high. Tracking based approaches also has the same problems as spatio-temporal based
approaches that they have a huge computational cost. Interest point based action
recognition algorithms have very short feature vectors. This leads to very low
computational costs; hence it is the most popular form of gesture recognition.
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One of the most widespread used techniques in the field of computer vision and
especially video detection and gesture recognition is using bag of visual words algorithm
[57]. In this algorithm videos are treated as documents and the features and gestures in
the videos are regarded as words. This approach is quite strong against change and noise.
After using bag of words some classification algorithm such as HMM or SVM are used.
In this work 2DSIFT [23] is used for detecting interest points where the extracted
features are invariant to scale, location and orientation changes. 2D sift limits the size of
feature vectors which consumes less computational time. Bag of words features are used
to build visual vocabulary and HMM classification algorithm is used. Results are tested
on the famous KTH dataset.
The rest of the paper is organized as follows: the next section reviews previous related
work, then the proposed system is presented followed by the experiments and results, and
then the conclusion.
RELATED WORK
There are basically three types of method division on which action recognition is
done:
Human model based methods employ a full 3D (or 2D) model of human body parts,
and action recognition is done using information on body part positioning as well as
movements. A significant amount of research [26] is devoted to action recognition using
trajectories of joint positions, body parts, or landmark points on the human body with or
without a prior model of human kinematics, e.g., [36][27], [46]. The localization of body
parts in movies has been investigated in the past (e.g. [32], [13]) and some works have
shown impressive results. However, the detection of body parts is a difficult problem in
itself, and results especially for the case of realistic and less constrained video data
remain limited in their applicability. Some recent approaches that are able to provide
more robust results (e.g., [3], [39]), use strong prior knowledge by assuming particular
motion patterns in order to improve tracking of body parts. However, this also limits their
application to action recognition.
Holistic methods use knowledge about the localization of humans in video and
consequently learn an action model that captures characteristic, global body movements
without any notion of body parts. In general, holistic approaches can be roughly divided
into two categories. The first category employs shape masks or silhouette information,
stemming from background subtraction or difference images, to represent actions. The
second category is mainly based on shape and optical flow information.
Several approaches for action recognition use human shape masks and silhouette
information to represent the human body and its dynamics. The method discussed in [44]
is among the first to propose silhouette images. Their representation computes a grid over
the silhouette and computes for each cell the ratio of foreground to background pixels.
The grid representations are quantized into a vocabulary, and tennis actions are then
learned as sequences of\words" using hidden Markov models (HMM) [31]. [7] Uses
shape masks from difference images to detect human actions.
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As action representation, the authors employ so-called motion energy images (MEI)
and motion history images (MHI). More precisely, MEIs are binary masks that indicate
regions of motion, and MHIs weight these regions according to the point in time when
they occurred (the more recent, the higher the weight). This approach is the first to
introduce the idea of temporal templates for action recognition. The system mentioned
in[38] detected tennis forehand strokes by matching a set of hand drawn key postures
together with annotated body joint positions to edge information in a video sequence.
Positions of joints are then tracked between the key frames using silhouette. An action
model based on space-time shapes from silhouette information is introduced by [6], [15].
Silhouette information is computed using background subtraction. The authors use
properties of the solution to the Poisson equation to extract features such as local
saliency, action dynamics, shape structure and orientation. Chunks of 10 frames length
are then described by a high-dimensional feature vector. During classification, these
chunks are matched in a sliding window fashion to space-time shapes in test sequences.
Another work that uses space-time shapes of humans if discussed in [45]. Spatiotemporal shapes are obtained from contour information using background subtraction,
similar to [6]. For a robust representation, actions are then represented by sets of
characteristic points (such as saddle, valley, ridge, peak, pit points) on the surface of the
shape. In order to recognize actions, the authors propose to match spatio-temporal shapes
by computing homographs using point-to-point correspondences. The system mentioned
in [41] introduces an order less representation for action recognition using a set of
silhouette exemplars. Action sequences are represented as vectors of minimum distance
between silhouettes in the set of exemplars and in the sequence. Final classification is
done using Bayes classifier with Gaussians to model action classes. In addition to
silhouette information, the authors also employ the Chamfer distance measure to match
silhouette exemplars directly to edge information in test sequences. Foreground shape
masks based on motion information in chunks of video data are employed by [47].
Silhouettes are also a popular representation for surveillance applications [16],[37]. Since
cameras are in general static, background subtraction techniques can be employed to
compute silhouette information. In order to cope with more challenging video data and
camera motion, [33] employs a human tracker and camera motion estimation to compute
shape information. However, to deal with noisy and imprecise segmentation information,
a more robust classification method is used as well.
Another way to match space-time shape models to cluttered image data with
heterogeneous background is demonstrated by [32]. The authors over segment video
sequences using color information. Volumetric and optical flow features are then
matched to action templates in form of space-time shapes. To account for occlusion and
actor variability, [32] extends their template to an action part model using pictorial
structures. Silhouettes provide strong cues for action recognition. Nevertheless, they are
difficult to compute in the presence of clutter and camera motion. Furthermore, they only
describe the outer contours of a person and thus lack discriminative power for actions that
include self-occlusions. Human-centric approaches based on optical flow and generic
shape information form another sub-class of holistic methods. As one of the first works in
this direction, [29] propose a human tracking framework along with an action
representation using spatio-temporal grids of optical flow magnitudes. The action
descriptor is computed for periodic motion patterns. By matching against reference
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motion templates of known periodic actions (e.g., walking, running, swimming, skiing)
the final action can be determined. In another approach purely based on optical flow, [11]
track soccer players in videos and compute a descriptor on the stabilized tracks using
blurred optical flow. Their descriptor separates x and y flow as well as positive and
negative components into four different channels. For classification, a test sequence is
frame-wise aligned to a database of stored, annotated actions. Further experiments
include tennis and ballet sequences as well as synthesis experiments.
The same human-centric representation based on optical flow and human tracks for
action recognition is employed by [12]. As classification framework, the authors use a
two-layered AdaBoost [14] variant. In the first step, intermediate features are learned by
selecting discriminative pixel flow values in small spatio-temporal blocks. The final
classifier is then learned from previously aggregated intermediate features. Evaluations
are carried out on four datasets: KTH, Weizmann, soccer, and a ballet dataset. The
system mentioned in [34] proposed an approach using flow features in a template
matching framework. Spatio-temporal regularity flow information is used as feature type.
Regularity flow shows improvement over optical flow since it globally minimizes the
overall sum of gradients in the sequence. Rodriguez et al. learn cuboid templates by
aligning training samples via correlation. For classification, test sequences are correlated
with the learned template via generalized Fourier transform that allows for vectorial
values. Results are demonstrated on the KTH dataset, for facial expressions, as well as on
custom movie and sports actions. To localize humans performing actions such as sit
down, stand up, grab cup and close laptop, [32] use a forward features selection
framework and learn a classifier based on optical flow features. Spatio-temporal Haar
features on optical flow components are efficiently computed using an integral video
structure. During learning, a discriminative set of features are greedily chosen to
optimally classify actions which are represented as spatio-temporal cuboidal regions. For
classification, the authors perform a sliding window approach and classify each position
as containing a particular action or not. A method purely based on shape information is
presented in [24]. In their experiments, Lu and Little track soccer or ice-hockey players
and represent each frame by a descriptor using histograms of oriented gradients. They
then employ principal component analysis (PCA) [28] to reduce dimensionality. An
HMM with a few states models actions such as running, skating, left, right etc. Hybrid
representations combine optical flow with appearance information [35].Use optical flow
information and Gabor later responses in a human-centric framework. For each frame,
both types of information are weighted and concatenated.
Local feature methods are entirely based on descriptors of local regions in a video,
no prior knowledge about human positioning or of any of its limbs is given. Feature
detectors usually select characteristic spatio-temporal locations and scales in videos by
maximizing specific saliency functions [20], [19] are the first to propose a feature
detector based on a spatio-temporal extension of the Harris corner criterion [17]. The
corner criterion is based on the eigenvalues of a spatio-temporal second-moment matrix
at each video point. Local maxima indicate points of interest. The authors note the
importance of using separate spatial and temporal scale values since spatial and temporal
extent of events are in general independent. Results of detecting Harris interest points in
an outdoor image sequence of a person walking.
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In [10] authors argue that true spatio-temporal corner points (according to the Harris
criterion) are relatively rare, while enough characteristic motion is still present.
Therefore, they design their interest point detector to yield denser coverage in videos.
Their method employs spatial Gaussian kernels. As for 3D Harris, local maxima give
final interesting positions.
The Hessian 3D detector is proposed by [42] as spatio-temporal extension of the
Hessian saliency measure applied for blob detection in images [5]. The authors aim at a
rather dense, scale-invariant, and computationally efficient interest points to determine
salient features by considering global information [43]. For this, video sequences are
represented as dynamic texture with a latent representation and a dynamic generation
model. This allows synthesizing motion, but also to identify important regions in motion.
The dynamic model is approximated as linear transformation.
HOG and HOF descriptors are introduced by [22]. To characterize local motion and
appearance, the authors combine histograms of oriented spatial gradients (HOG) and
histograms of optical flow (HOF) in a late fusion approach. The histograms are
accumulated in the space-time neighborhood of detected interest points. Each local region
is subdivided into a N_N_M grid of cells; for each cell, 4-bin HOG histograms and a
5-bin HOF histogram are computed. The normalized cell histograms are concatenated
into the final HOG and HOF descriptors. An extension of the image SIFT descriptor [23]
to 3D was proposed by [43]. For a set of randomly sampled positions, spatio-temporal
gradients are computed in the local neighborhood of each position. Each pixel in the
neighborhood is weighted by a Gaussian centered on the given position and votes into an
M _M _M grid of histograms of oriented gradients. For orientation quantization, the
authors represent gradients in spherical coordinates; that are divided into a 8 by 4
histogram. The system mentioned in [42] proposed the extended SURF (ESURF)
descriptor which extends the image SURF descriptor [4] to videos. Like in previous
approaches, the authors divide 3D patches into a grid of local M _ M _ M histograms.
Each cell is represented by a vector of weighted sums of uniformly sampled responses of
Haar-wavelets along the three axes.
[2] proposed a method with four approaches for this task, (i) histograms of SIFT
features as feature vectors and Bhatacharya distance for similarity detection (ii) feature
vector is combination of SIFT features alone, while for matching a basic descriptor
matching algorithm (iii) IR based approach using SIFT features and (iv) affine invariant
SIFT features as feature vector.
METHODOLOGY
Our proposed methodology consists of five steps: Initially, interest points are detected
using scale invariant feature transform (SIFT). Secondly, SIFT descriptors are deployed
for description of interest points. Then, a visual dictionary is constructed using K-Means
clustering algorithm. To further augment the already built dictionary, we further build a
vocabulary of visual words using bag of words approach. Finally a classification model is
generated using hidden Markov model based approach.
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Fig. 1: Steps for Complete Human Action Classification
Interest Point Detection
Interest point detection is basically done by the using the famous SIFT algorithm [18].
Fine tuning of this algorithm was also performed where the threshold value was set to 5.
After setting the threshold value to 5 a lot of noisy and unwanted data was removed from
the interest points extracted using [12] algorithm. The threshold value targets the changed
area of interest points in each frame. This helps us to narrow down the gesture in a video
due to change.
The higher the value of the interest point threshold the greater will be the weight of
the significance of the interest point which are left behind. Fig 2 displays the interest
points after applying the threshold value.
Interest Point Description
The SIFT feature vector has its limitations in detecting the interest points as it cannot
differentiate between noise and actual data. For this purpose another enhancement
technique has been applied to the interest points using [19] where normalized spatiotemporal Gaussian derivatives are derived from the following equation:
(

)

The reason for applying Laptev‟s algorithm is its simplicity and its accurateness in
disregarding the points in the frame which is not required for gesture recognition. As seen
in figure the first sequence depicts the static background. The second figure displays the
successful detection of gait despite the presence of non-stationary background and
occlusions.
Generating Codebook
After the detection of all the interest points in our video frame, a vocabulary of visual
words is generated. This dictionary is created by sampling the interest points in our
training sets. After sampling, clustering is performed on these interest points using kmeans clustering. The size of the vocabulary is displayed by the number of clusters and
the size of our features [30]. The codebook should be normalized after creation before
using bag of words features as the magnitude of the codebook can be dramatically
changed after using bag of words [52].
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Normalization of Codebook
After a code book is build using k-means clustering and bag of words a normalization
technique is used to ensure that the resulting video dataset has the same dimensions.
Keeping the various videos dimensions same is the key to having more accurate results.
Our proposed algorithm is applied on KTH dataset to whose size ranges from 900 to
1300. Fig displays the accuracy of results on varying video datasets. The figure displays
that the best accuracy is achieved on size “xyz”
Three normalization techniques are applied as discussed in [40] and results are shared
in the next section:
Normalization Technique N1:
∑
Normalization Technique N2:
√ ∑
Proposed Normalization Technique:
normalization technique [21] is used:
=

(

In

the

proposed

methodology

this

)

where
is the value of bin number j to be normalized in video number i, max ( ) and
min ( ) are the maximum and minimum values respectively in bin j over all the videos,
now all values are between 0 and 1.
This is the min-max normalization technique. This normalization technique is used to
normalize the data from 0 to 1.c. The histograms which are extracted from the visual
word vocabulary are treated as two dimensional matrices. The rows are considered as
videos and the columns are considered as histograms bins. Then the normalization
technique is applied on them.
Bag of words and HMM:
After generation of codebook, bag of words algorithm is performed on the codebook.
Object recognition using bag of words has been the most successful, the most studied and
the most widely used approaches for object recognition. In this method order less
combination of interest point in the local region is represented whereas in general the
image is a discrete combination of local regions. After the order less representation of an
image the interest points are represented as a histogram over visual vocabulary. This
method has shown excellent results in [1][8].
Next comes the HMM part; where feature extraction is performed. Feature extraction
is done by BOW and clustering is performed using K-means on visual words. HMM
defines the model of temporal behavior between these two states. New interest points in
some other image are then mapped into that same state and then prediction algorithm of
HMM is performed to determine that on which classification group they belong to.
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The HMM models are trained using the histograms which are normalized in the
previous step. The testing histograms are also normalized before being fed to the HMMS
for classification. Normalization makes the resultant histograms more precise and easy to
manage for classification. Hidden Markov Models (HMM) are used for mathematical
formulation and solution of this problem. Let
and
denote the probability of a
transition from state to state and the emission probability of state generating an
observed feature vector
. In our problem
implies the transition probability from
one state to the next, and
is the action generated from each state, represented with a
vector notation for a set of features. At this point, we make the typical independence
assumption for the feature vectors (i.e., features for individual frames are not related). We
calculate the probability of a given model producing the observed sequence of feature
vectors to . This sequence must have been generated by a state sequence of length T
but because the model is hidden, we do not know the identities of the states. The
probabilities for the model generating the observations can be obtained by the joint
probability of the observations and any one state sequence, and summing this over all
possible state sequences S:
Using the Markov assumption the probability of any particular state sequence is given
by the product of the transition probabilities:
)=∑

|

)P(

.

RESULTS
In this work KTH dataset is used for training and testing by using the leave out
method. KTH dataset is frequently used in the world of action recognition and evaluation.
Due to huge level of participation in KTH datasets the data is broken down into and the
leave out method has been adopted which is done in [9] where 24 videos are used for
training and only one video is used for testing. Then the final recognition rate is
determined by averaging out the calculations. The whole dataset contains 598 video clips
and each video clip contains only one action. KTH provides a common benchmark to
evaluate and compare algorithms. KTH dataset was first time used by Schuldt et al. [57]
in 2004 and is one of the mostly widely used datasets until today. It consists of six action
sets (hand waving, hand clapping, running, jogging, walking and boxing).
Each action consists of different scenarios such as indoor, outdoor, different clothing
and scale changes. Each action is performed by different actors where each run uses 24
videos for clustering and training and one video for testing. Then the final result is
computed by taking average.
Tables 1-3 present the confusion matrices of KTH dataset using „1-Normalization,
„2-Normalization, and the proposed normalization technique respectively. The
recognition results are presented in the form of average recognition rates. Each entry in
the table gives the rate of recognizing of the row action (ground truth) by the column
action.

M.U.G. Khan et al.

117

Table 1
Confusion Matrix for First Normalization Method (N1)
Boxing Clapping Waving Jogging Running

Walking

Boxing

0.75

0

0

0.04

0

0

Clapping

0

0.83

0

0.04

0.02

0

Waving

0.15

0.08

0.45

0.09

0.01

0

Jogging

0.25

0.13

0.07

0.26

0.05

0

Running

0

0

0

0

0.72

0

Walking

0

0

0

0.15

0

0.98

Table 2
Confusion Matrix for First Normalization Method (N2)
Boxing Clapping Waving Jogging Running

Walking

Boxing

0.56

0

0

0

0

0

Clapping

0

0.48

0

0.01

0.02

0

Waving

0.05

0.03

0.77

0.05

0

0

Jogging

0.01

0.11

0.07

0.42

0.03

0

Running

0

0

0

0

0.32

0

Walking

0

0

0

0.12

0

0.65

Table 3
Confusion Matrix for Proposed Method of Normalization
Boxing Clapping Waving Jogging Running Walking
Boxing

1

0

0

0.04

0.02

0

Clapping

0

0.93

0

0.04

0.02

0

Waving

0.15

0.08

0.95

0.09

0.01

0

Jogging

0.25

0.13

0.07

0.98

0.05

0

Running

0

0

0

0

0.94

0

Walking

0

0

0

0.15

0

0.99
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Fig. 2: The Effect of Improving SIFT Points Due to Normalization
Fig: 2 presents the effect of fine-tuning the SIFT points due to normalization. The
first row displays the SIFT interest points without normalization applied. The second row
displays the SIFT interest points with normalization technique applied.
Table 4 shows a comparison between our method and a group of other previously
proposed systems that use leave- one-out setup. The results show that for the KTH
dataset our result is the best of them.
Table 5 presents a comparison between the overall results (recognition rate) achieved
using normalization methods as discussed and also the proposed one. As shown the
proposed normalization technique proved positive effort on the performance, and it is
worth mentioning that different actors were used for different actions.
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Table 4
Comparison with Other Methods
Methods
Accuracy

The proposed method

98.13

Bregonzio et al. [49]

94.33

Liu and Shah [48]

94.2

Lin et al. [50]

93.43

Chen and Hauptman [51]

95.83

Niebles et al. [52]

81.5

Tran et al. [53]

95.67

Cao et al. [54]

95.02

Kaaniche and Bremond [55]

94.67

Dollar et al. [10]

81.17

Klaser et al. [56]

91.4

Zhang et al. [47]

91.33

Schuldt et al. [57]

71.72

Fathiand Mori [12]

90.5

Kovashka and Grauman [58]

94.53

Mikolajczyk and Uemura [59]

93.2

Schindler and Gool [35]

92.7

Laptev et al. [22]

91.8

Jhuang et al. [60]

91.7

Gilbert et al. [61]

89.9

Rodriguez et al. [34]

88.7

Nowozin et al. [62]

87

Wong and Cipolla [43]

86.6

Willems et al. [42]

84.3

120

A Statistical Model for Annotating Videos with Human Actions
Table 5
Comparison of Proposed Normalization Method
Normalizations
Accuracy
N1 Normalization

60.30%

N2 Normalization

67.70%

Proposed normalization

95.14%
CONCLUSION

This paper represents human gesture recognition with enhancements to the current
algorithm to achieve better results. The algorithm is composed of four stages: detection of
interest points using SIFT, feature description using SIFT, creation of visual vocabulary
using bag of visual words, and classification using HMM. By employing the
normalization enhancement technique the accuracy of the current method has increased
by 2% as compared to previous works. Future work can include applying the same
algorithm with real time datasets such as in sports, star movements and medicinal field as
well. The more complex the datasets the greater the chances are that the normalization
would have to be tweaked in order to achieve more accurate results.
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