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Description of Space-Time Interest Points for
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Abstract

This paper presents a new method to detect space time interest point (STIP) from video data. We

use three dimensional facet model to detect STIP and call it as facet space-time interest point or FaSTIP.

The proposed algorithm detects all the desired interest points efficiently in different scales compared to

other existing methods. A video clip is described as a collection of 3D wavelet base features computed

at these interest points. Finally, multi-channel SVM withχ2- kernel is used to classify human actions.

Our contribution here are two fold: first, we present a new algorithm for interest point detection in video

data, and second, we propose a new descriptor for general human activity classification. Experimental

results show the accuracy of the detected interest points and the power of descriptor compared to the

state-of-the-art.

I. INTRODUCTION

In computer vision community feature is an important issue in every image and video processing

task like classification, detection and localization. There are two types of features to represent an object

within the image or video, namely global and local feature. Global feature describe the over all shape and

structure of the object, where local features capture the information about different parts of the object and

are strongly able to discriminate the inter class variations. For local features, the type of feature is not

much critical, as long as their location are determined accurately in a stable manner. In computer vision

literature such locations are called interest points. In animage the point, where the spatial variation is

sufficiently large in both x and y directions within a certainneighborhood is called interest point and the

feature within its neighborhood is called the descriptor ofthat point. In computer vision applications like
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object detection and classification, people came up with different interest points detection and descriptor

algorithms for image analysis [19], [25].

Recently due to broad applications in surveillance, video indexing and automatic video navigation,

video data analysis is an active research topic in computer vision domain. To analysis the huge video data

people are trying to extract only valuable information. Thepoint from where the important information

is extracted for a video is called space-time interest point(STIP) and the feature around that point is

called STIP descriptor of that point. For video data interest point means the point where both spatial and

temporal variation occurs within a neighborhood of x, y and t.

In the recently growing applications on video data, there isnot much work on interest points detection.

As video data is the three-dimensional extension of image data, the image interest point detection

algorithms may be extended to 3D for finding STIP in video data[27]. Such algorithms formulate a

response function of intensity variation in all three dimensions and then use a threshold to find out

the interest points. Due to complicacy of video data like camera motion, background motion, different

lighting condition, scale and view point variation, each method has some limitation.

This paper explore the power of facet model for both the interest point detection and the descriptor

computation in video data. Our motivation comes from the success of facet model [10] to find out the

image features like edge and corner points. According to facet model principle, two dimensional image

intensity can be represented as a set of piecewise polynomial surfaces and then the different image

features are calculated using there estimated piecewise surfaces. We extend this idea to three dimension

to find out the interest point in video data. We represent the three dimensional video data by piecewise

tri-cubic functions and calculate the coefficients of the estimated function simply by convolution. Our

response function is based on the rate of change of directional derivative in the direction orthogonal to

the first order derivative. We handle the scale issue by increasing and decreasing the neighborhood size

and handle the camera and background motion efficiently in our response function by controlling the

spatial and temporal functional gradient. We proposed a newdescriptor for interest point using 3D wavelet

transform of the estimated polynomial surface. We calculate the descriptor on estimated functional image

to avoid the raw noise. The contribution of this paper are in two fold: first we present a new method for

space-time interest point detection in video data using facet model and second present a new space-time

local descriptor of interest point based on 3D wavelet transform. The experimental result indicate the

efficacy of our system compared to the state-of-the-art systems.

Rest of this paper is as follows: Section II describe the related works on spatio-temporal interest point

detection and descriptor exits in the literature. Section III explain our proposed methodology. Experimental
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evaluation of our method and comparison of the same with other methods are describe in Section IV.

Finally, in Section V concluding remarks and further scope of work are presented.

II. RELATED WORKS

During the last few years human activity analysis remains animportant research topic in computer vi-

sion domain. Existing human activity analysis algorithms can be classified into four categories : flow based

approaches [6], space-time shape template based approaches [8], interest points based approaches [24],

[5], [15], [20], [16], [17], [1], [2], [9], and tracking based approaches [14], [26]. As this paper present

interest points based approach, due to space constraint, here we survey the work related to interest points

based human activity analysis. As video data is a sequence ofimages, most of the existing algorithms [27]

are naturally the extension of the spatial domain methods for detecting interest points to the space-time

domain. Laptev et al. [15] extended the two-dimensional Harris corner detection technique [11] into

three-dimension. In this method a3× 3 spatio-temporal second-moment matrix(µ) of first order spatial

and temporal derivatives is formed. Then a response function using determinant and the trace of the

moment matrix is formed. The interest points are detected bythresholding the response function. As

a descriptor of the interest points, a volume of size△x(σ) = △y(σ) = 18σ,△t(τ) = 8τ around the

interest point is considered and the neighborhood is divided into nx × ny × nt grid of cells. For each

cell, 4-bin histogram of oriented gradient (HOG) [4] and 5-bin histogram of oriented optical flow (HOF)

are computed and finally these are concatenated to generate the final feature vector.

In [5], interest points are detected by using separable linear filters. In this work a two-dimensional

Gaussian smoothing kernel in the spatial domain, and two one-dimensional Gabor filters in the temporal

domain are used. There descriptors are defined as cuboid feature based on histogram of pixel values

within the cuboid around the interest point and some transformation is applied on it. Finally, PCA is

used to reduce the dimension of the feature vector. Many false detection due to video noise is the main

drawback of this method. Interest point detector is also ineffective with slow motion, small camera motion

and zooming.

Willems et al. [28] calculated a Hessian matrix(H) in spatio-temporal domain extending the saliency

measure suggested in [18] and used the strengthS = |det(H)| to detect interest point at a certain scale.

They extended SURF image descriptor to SURF video descriptor incorporating temporal information.

The concept of saliency detector metric for static image wasextended to video data by considering a

cylindrical spatio-temporal neighborhood at different scales [22]. Their saliency metric was based on the

Shannon entropy within the cylindrical spatio-temporal neighborhood around the candidate points.
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III. PROPOSEDMETHODOLOGY

In this paper we present a new method for space-time interestpoint detection in a video data based

on facet model. Our motivation comes from two dimensional facet model. Facet model principle [10]

states that an image may be represented as a collection of piecewise continuous intensity surfaces. The

commonly used facet models are piecewise constant (flat) model, piecewise linear model, piecewise

quadratic model and piecewise cubic model. The cubic model can be used to detect image features like

edges and corners. Inspired by the success of two dimensional cubic facet model for image, in this paper

we extend this idea into three dimension for detecting the space-time interest point. In this section we

first briefly introduce the two dimensional facet model and then describe its extension to three dimension.

A. Two dimensional facet interest point

In [10] an image region is approximated by piecewise bi-cubic functionf : N× N → R given by

f(x, y) = k1 + k2x+ k3y + k4x
2 + k5xy + k6y

2+

k7x
3 + k8x

2y + k9xy
2 + k10y

3
(1)

where the coefficientsk1, ....., k10 can be estimated by minimizing the mean square error over theregion

around the pixel(x, y). These coefficients are calculated by convolving the image with different two

dimensional masks. Corners occur at edge points where a significant change in gradient direction takes

place. In other words, the abrupt change in gradient along the direction orthogonal to gradient direction

gives the corner point. So a corner response functionθ
′

α(0, 0) is defined at the center or candidate pixel

as

θ
′

α(0, 0) =
−2(k22k6 − k2k3k5 + k23k4)

(k22 + k23)
3

2

(2)

Finally, the candidate pixel(0, 0) is declared as a corner point if the following two conditionsare satisfied:

1. (0, 0) is an edge point, and

2. For a given thresholdΩ, |θ
′

α(0, 0)| > Ω

For more details please go though [10]. In the next subsection we describe its extension for video data.

B. Three dimensional facet space-time interest point (FaSTIP)

We extend the above two-dimensional facet model to three-dimension to detect the interest points in

video data. We estimate the video data as a tri-cubic function f : N×N×N → R over a neighborhood
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of each point in the space-time domain given by

f(x, y, t) = k1 + k2x+ k3y + k4t+ k5x
2 + k6y

2 + k7t
2+

k8xy + k9yt+ k10xt+ k11x
3 + k12y

3 + k13t
3

+k14x
2y + k15xy

2 + k16y
2t+ k17yt

2 + k18x
2t

+k19xt
2 + k20xyt

(3)

where the coefficientsk1, k2, ......, k20 may be found by minimizing the mean square error over the neigh-

borhood. We eventually derive twenty different masks to calculate the coefficients by simple convolution

with those masks over the neighborhood of the candidate point.

Interest point in video data occurs where the rate of change of directional derivative off in three

dimension (orthogonal to the derivative direction) is sufficiently large. So to find the interest points in

video data we calculate the rate of change of directional derivative of f in the direction orthogonal to

the derivative direction. Let
−→
T be the unit vector along the gradient off(x, y, t) at any point(x, y, t),

then
−→
T (x, y, t) =

1

d
(fx, fy, ft), where d =

√

f2
x + f2

y + f2
t (4)

For a functionf , the normal
−→
N to the gradient vector

−→
T is given by

−→
N (x, y, t) = ▽2f − [▽2f ·

−→
T ]

−→
T (5)

where

▽2 =

(

∂2

∂x2
,
∂2

∂y2
,
∂2

∂z2

)

(6)

Our aim is to find the rate of change of gradient along the direction of
−→
N . So we need to calculate

−→
T

′

·
−→
N , where

−→
T

′

is the derivative of
−→
T .

Now consider a line passing through the origin of the small region or neighborhood over which we fit

piece-wise continuous polynomial function. The candidatepixel may be considered as the origin. Letρ

be the distance of any point on this line from the origin. Any point on this line at a distanceρ from the

origin is given by(ρ sin θ sinφ, ρ sin θ cosφ, ρ cos θ). From equation(4) the gradient vector at that point

is given by
−→
T θ,φ(ρ) =

1

d
[fx(ρ), fy(ρ), ft(ρ)] (7)

Let
−→
T

′

θ,φ(ρ) = [T
′

1(ρ), T
′

2(ρ), T
′

3(ρ)] be the directional derivative of
−→
T in the direction(θ, φ) (where ′
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indicates derivative with respect toρ). Then (for notational simplicity we omitρ from f )

T
′

1(ρ) = d
dρ
[fx(ρ)

d
]

=
f
′

x(f
2

x+f2

y+f2

t )−fx(fxf
′

x+fyf
′

y+ftf
′

t )

(f2
x+f2

y+f2

t )
3

2

= A(ρ)fy−B(ρ)ft
d3

(8)

where

A(ρ) = f
′

xfy − fxf
′

y, and B(ρ) = fxf
′

t − f
′

xft (9)

Similarly,

T
′

2(ρ) = C(ρ)ft−A(ρ)fx
d3

(10)

T
′

3(ρ) = B(ρ)fx−C(ρ)fy
d3

(11)

where

C(ρ) = f
′

yft − fyf
′

t (12)

Let
−→
N θ,φ(ρ) = [N1(ρ), N2(ρ), N3(ρ)] be normal to gradient vector

−→
T θ,φ(ρ) at the point(ρ sin θ sinφ,

ρ sin θ cosφ, ρ cos θ). Then from equation (5) we have

N1(ρ) = fxx −
fx
d2 (fxfxx + fyfyy + ftftt)

= fy(fxxfy−fxfyy)−ft(fxftt−fxxft)
f2
x+f2

y+f2

t

= D(ρ)fy−E(ρ)ft
d2

(13)

where

D(ρ) = fxxfy − fxfyy, and E(ρ) = fxftt − fxxft (14)

Similarly,

N2(ρ) =
F (ρ)ft−D(ρ)fx

d2
(15)

N3(ρ) =
E(ρ)fx−F (ρ)fy

d2
(16)

where

F (ρ) = fyyft − fyftt (17)

Let −→e −→
N

= [eN1
, eN2

, eN3
] be the unit vector along the normal

−→
N andΘθ,φ(ρ) be the rate of change of

gradient in the direction orthogonal to the gradient off at any point(ρ sin θ sinφ, ρ sin θ cosφ, ρ cos θ).
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Then

Θθ,φ(ρ) =
−→
T

′

θ,φ(ρ) ·
−→e −→

N

= [T
′

1(ρ), T
′

2(ρ), T
′

3(ρ)] · [eN1
, eN2

, eN3
]

=
AD +BE + CF

d3d
′

(18)

where
d

′2
= N2

1 +N2
2 +N2

3

= 1
d4 [(Dfy − Eft)

2 + (Fft −Dfx)
2 + (Efx − Ffy)

2]
(19)

In equation (18) all ofA,B,C,D,E, F, d andd
′

are functions ofρ for any particular value ofθ andφ.

At origin (i.e., at the candidate pixel over the neighbourhood of which the functionf is estimated) we

calculate the rate of change of gradient off along orthogonal direction by puttingρ = 0 in the equation

(18) as

Θθ,φ(0) = A(0)D(0)+B(0)E(0)+C(0)F (0)
d3(0)d′ (0)

(20)

Now from equation (3) we have

fx(0) = k2, fxx(0) = 2k5

fy(0) = k3, fyy(0) = 2k6

ft(0) = k4, ftt(0) = 2k7

(21)

and
f

′

x(0) = 2k5 sin θ sinφ+ k8 sin θ cosφ+ k10 cos θ

f
′

y(0) = 2k6 sin θ cosφ+ k8 sin θ sinφ+ k9 cos θ

f
′

t(0) = 2k7 cos θ + k9 sin θ cosφ+ k10 sin θ sinφ

(22)

So for any particular value ofθ andφ, we combine equations (21) and (22) with equations (9), (12),

(14), (17), (4) and (19) to calculateA(0), B(0), C(0), D(0), E(0), F (0), d(0) andd
′

(0) by puttingρ = 0.

Now θ andφ is defined based on orthogonal vector (
−→
N ) as

θ = tan−1(

√

N2
1 +N2

2

N3
) and φ = tan−1(

N1

N2
) (23)

Finally, the point(0, 0, 0) is declared as a space-time interest point if the following conditions are satisfied:

1. (0, 0, 0) is a spatio-temporal bounding surface point, and

2. For a given thresholdΩ, |Θθ,φ(0)| > Ω

In three-dimension we find the spatio-temporal surface points by combining spatial and temporal
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gradient magnitude in one response function. Fig. 1 show some results of facet space time interest point

detection at different scale.

The point(x, y, t) is accepted as a spatio-temporal bounding surface point if the space-time gradient

magnitude responsef
′

xyt =
√

f2
x + f2

y + wtf
2
t at that point is greater than a threshold, wherewt is a

constant multiplier to bringft into the same unit asfx andfy. We detect the interest points in different

scales by handling the scale both in space and time domain. Todo that, we estimate the functionf at

a candidate point over different sizes of neighborhood, which is basically equivalent to the STIP [15]

detection at different scale.

(a) (b) (c)

Fig. 1. Detected interest points for (a) UCF sports (lifting), (b) KTH (boxing) and (c) Weizmann (pjump). The points showin
first row using propose FaSTIP method and isecond row using Laptev STIP.

C. Interest point descriptor

After successful detection of interest points we have to describe those in feature form for further

processing like video classification and activity recognition. Most of the people use gradient and optical

flow information as interest point descriptor [5], [12], [27], [28], where gradient and optical flow are

calculated directly from the image sequence. The former presents the local shape information of the

object at the interest point; while the latter indicates themotion of that part of the object. This paper

present a new space-time descriptor based on wavelet transformation in three dimension.
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We consider a volume of size∆x×∆y×∆t around the interest point. The size of the neighborhood

depends on the scale, where the interest point is detected. We divide the volume intoηx × ηy × ηt cells.

The values of these parameters explored in experimental section. We apply the three-dimensional wavelet

transform on each cell. We repeat this process up-to desirednumber of levels. At each level we divide

the volume into2 × 2 × 2 cells. Out of eight cells one cell contain low frequency component and the

rest seven are all high frequency components.

On the other way, the seven high frequency cells represent the equivalent different gradients in space

and time domain like∂f
∂x

, ∂f
∂y

, ∂f
∂t
, ∂2f
∂x∂y

, ∂2f
∂y∂t

, ∂2f
∂t∂x

, ∂3f
∂x∂y∂t

. At each cell we calculate the sum of magnitude

of positive and negative values (separately) of the high frequency components and concatenate them to

form a feature vector. The low frequency components of each cell is added and are concatenated to form

a another vector. Finally, this low frequency vector and allthe high frequency vectors are concatenated to

form the desired feature vector of size(14×numoflabel+1). Note that the vector due to high frequency

components of each cell is normalized independently and thelow frequency components of all the cells

are also normalized.

IV. EXPERIMENTAL RESULTS

In this section we first describe the datasets used in our experiment. Then we present the experimental

settings and different parameters. Lastly we show our results and compare them with the results of current

baseline algorithms on the same datasets.

A. Datasets

To study the performance of our interest point detector and descriptor, we tested the proposed algorithm

on three standard datasets, namely UCF sports [23], KTH [24]and Weizmann [8]. The UCF sports

dataset [23] has been collected from two broadcast television channels: BBC and ESPN. It consists of

ten sports activities: diving, golf swinging, kicking (a ball), weight-lifting, horse riding, running, skating,

swinging (on the floor), swinging (at the high bar) and walking. Though the author site1 claims dataset

contains200 videos, but currently there are only150 video sequences. This is one of the challenging

human activity dataset with large intra-class variations.Some samples of the dataset are shown in figure 2

including our FaSTIP points.

1http : //www.cs.ucf.edu/vision/public html/data.html
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 2. Interest points on UCF sports dataset (a) diving, (b)golf swinging, (c) kicking (a ball), (d) weight-lifting, (e) horse
riding, (f) running, (g) skating, (h) swinging (on the floor), (i) walking and (j) swinging (at the high barr)

(a) (b) (c)

(d) (e) (f)

Fig. 3. Interest points detected by our FaSTIP method on KTH dataset (a) boxing, (b) hand clapping, (c) hand waving, (d)
jogging, (e) running and (f) walking.

The KTH dataset [24]2 contains six common human activities: boxing, hand clapping, hand waving,

jogging, running and walking. Each activity is performed by25 different persons in four different

environments (outdoors, outdoors with scale variation, outdoors with different clothes, and indoors).

This dataset has 599 video sequences each of about10 − 15 seconds duration. The frame rate is 25fps

and the frame size is160 × 120 pixels. We divide the dataset into training, validation andtest set as

suggested in [24]. Some example frames of this dataset with our detected interest points are shown in

Fig: 3.

The Weizmann dataset [8]3 consists of 10 different human activities: bending, jumping jack, jumping,

jumping in place, running, sideways, skipping, walking, one-hand waving and two-hands waving. Here

2http : //www.nada.kth.se/cvap/actions/

3http : //www.wisdom.weizmann.ac.il/ vision/
SpaceT imeActions.html
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 4. Interest points detected by our FaSTIP method on Weizmann dataset (a) wave2, (b) bending, (c) jack, (d) jump, (e)
pjump, (f) run, (g) side, (h) skip, (i) walk and (j) wave1.

each activity is performed by nine different persons. So thedataset contains 90 video clips in total. Each

video clip is of about 2-3 seconds duration with 24fps. The frame size is180 × 144 pixels. Figure 4

shows the example frames of each activity with our detected interest points.

B. Experimental Settings

For FaSTIP detection, we set different parameters experimentally. The parameterwt for space-time

gradient magnitude responsef
′

xyt =
√

f2
x + f2

y + wtf
2
t controls the emphasis on time gradient to bring

it to the same scale as spatial gradient. Experimentally we see that for the above three detasets as well as

other complex video sequenceswt = 500 gives good response for FaSTIP detector. Figure 1 shows the

results for corner thresholdΩ = 0.02. However in our experiment we do not setΩ, rather we take top

twenty response points. Because we intended to extract sameamount of informations from each frame

and setting threshold may not guarantee this. For computingthe descriptor, we set the neighborhood size

as∆x = ∆y = 16σ and∆t = 8τ , whereσ andτ represent the spatial and temporal scales respectively.

We divide the neighborhood into 8 cells (ηx = ηy = ηt = 2).

We evaluate our FaSTIP and descriptors using standard bag-of-features approach. In bag-of-feature

approach, we first build a descriptors vocabulary using k-means clustering, where k is vocabulary size

and depends on datasets. By mapping each of the descriptors of a video clip to its closest vocabulary

word, we get a histogram of vocabulary words occurred in thatvideo clip. We use Euclidean metric as

similarity measure. This histogram represents a compact descriptor of the video clip.

We use multi-channel non-linear SVM with aχ2-kernel [16] for activity classification. LIBSVM tool [3]

is used to implement the classifier. We use one-vs-rest approach for multi-class classification and select

the class with best score.



12

Fig. 5. Confusion matrix of UCF sports dataset (in average accuracy (%))

C. Our Results and Comparison with State-of-the-art

Using above experimental setting we have tested our FaSTIP detector and descriptor on said three

datasets. For UCF sports dataset, the vocabulary is build from randomly chosen100000 descriptors.

We have adopted leave-one-out cross-validation strategy and have got on an average87.33% accuracy.

The confusion matrix is shown in figure 5. From Table I it showsthat our method achieves second

position among the state-of-the-art results. If we comparewith the method of best accuracy, our method

is computationally less costly. Dense point tracking and feature calculation [26] takes much more time

compared to ours. Second in our method features are calculated only at the detected interest points, so

there is no need to compute the features like optical flow or motion boundary histogram for the whole

frame. We run our experiment with different vocabulary sizes and 1200 is found to be the optimum

vocabulary size as shown in figure 6(b).

For KTH dataset, we follow the partition of training (8 subjects: 11, 12, 13, 14, 15, 16, 17 and 18),

validation (8 subjects: 1, 4, 19, 20, 21, 23, 24 and 25) and test (9 subjects: 2, 3, 5, 6, 7, 8, 9, 10 and 22) as

suggested in [24]. For this dataset 200000 descriptors are selected randomly to construct the vocabulary

and the vocabulary size is set experimentally as4000 [see figure 6(a)]. We obtain average accuracy of

93.51% which is comparable to the state-of-the-art as shown in Table II. Figure 7 shows the confusion

matrix due to our method. In this dataset because of strong shape similarity between jogging and running,

we get miss-classification between these two classes compared to other classes. We have also tested our

method on Weizmann dataset with leave-one-out cross-validation strategy and got96.67% accuracy. The
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TABLE I
COMPARISON RESULTS WITH THE STATE-OF-THE-ART FOR UCF SPORTS DATASET.

Approach Year Accuracy(%)
Rodriguez et al. [23] 2008 69.20
Yeffet & Wolf [30] 2009 79.30
Wang et al. [27] 2009 85.6
Yao et al. [29] 2010 86.60
Kovashka & Grauman [13] 2010 87.27
Wang et al. [26] 2011 88.20
Guha & Ward [9] 2012 83.8
Our approach 87.33

(a) (b)

Fig. 6. Results of different vocabulary sizes on (a) KTH and (b) UCF sports and Weizman Datasets

confusion matrix is shown in figure 8. Figure 6(b) shows the optimum vocabulary size for this dataset.

Here also we get large amount of miss-classification of skipping into running due to shape similarity.

Note that human actions can be recognized by shape and motioninformation. Most of the existing

systems use both these features explicitly. In these systems motions are represented by histogram of

optical flow or motion boundary histogram, and mostly HOG [4]is considered as the shape information.

Our wavelet transformation based descriptor emphasizes shape information more compared to motion

attribute. Thus the state-of-the-art results on only the datasets, where motion information dominates shape

information like Weizmann dataset, are significantly greater than ours. If we compare our results with

interest points based activity classification schemes likepopular STIP [16], Cuboid [5] and others [20],

we achieve much better performance shown in figure 9. We compare the usefulness of our interest point

detector with popular STIP [15] by calculating the popular HOG/HOF features on the detected points
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Fig. 7. Confusion matrix of KTH dataset (in average accuracy(%))

TABLE II
COMPARISON RESULTS WITH THE STATE-OF-THE-ART FOR KTH DATASET.

Approach Year Accuracy(%)
Schuldt et al. [24] 2004 71.72
Dollár et al. [5] 2005 81.17
Nowozin et al. [21] 2007 84.72
Gilbert et al. [7] 2008 89.92
Laptev et al. [16] 2008 91.80
Niebles et al. [20] 2008 81.50
Bregonzio et al. [1] 2009 93.17
Kovashka & Grauman [13] 2010 94.53
Wang et al. [26] 2011 94.20
Our approach 93.51

and running the same classifier. FaSTIP achieves best accuracy on all the datasets as shown in figure 10.

V. CONCLUSION

In this paper we present a new model for space-time interest point detection and description. Apart

from traditional Gaussian derivative analysis, our methodbased on the estimation of tri-cubic facet model

on space-time domain. Here we propose a new interest point detection algorithm based on facet model

as well as a new descriptor based on 3D wavelet transformation. Experimental results shows our system

performance is comparable to the state-of-the-art methods. However, due to less emphasis on motion
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Fig. 8. Confusion matrix of Weizmann Dataset

TABLE III
COMPARISON RESULTS WITH THE STATE-OF-THE-ART FOR WEIZMAN DATASET.

Approach Year Accuracy(%)
Dollár et al. [5] 2005 85.20
Gorelick et al. [8] 2007 97.80
Niebles et al. [20] 2008 90.0
Zhe Lin et al. [17] 2009 100.0
Bregonzio et al. [2] 2012 96.67
Guha & Ward [9] 2012 98.9
Our approach 96.67

Fig. 9. Comparison results with STIP, Cuboid
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Fig. 10. Comparison results between our 3D wavelet feature and popular HOG/HOF feature

information within the proposed descriptor our method marginally falls behind the best result only in a

few classes. This is a limitation of our descriptor and we areworking on incorporating motion attributes

explicitly on it.
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