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Abstract

In this paper we present a novel method for action spot-
ting in a video sequence, that employs the 3D Fourier trans-
form in order to define a 3D gradient correlation function
operating at the frequency domain. In that way we achieve
invariance to spatiotemporal variations and also to frame
reordering. One of the most attractive features of the pro-
posed scheme is it’s high degree of computational efficiency
and the fact that it can be implemented by fast transfor-
mation algorithms in the frequency domain. Experiments
conducted to a publicly available database demonstrated
the superiority of the proposed method in terms of more
accurate estimations and significantly lower computational
complexity.

1. INTRODUCTION
Action spotting refers to the detection and spatiotempo-

ral localization of an action executed by a person over a
small period of time, in a video sequence. It’s applications
span several areas, from video query in a reference video
database to surveillance and tracking applications.
Efficient action spotting faces a lot of problems mainly

caused by appearance issues. More precisely, changes in
clothing or environmental lighting conditions lead to dif-
ferent image intensities, producing in that way varying pat-
terns. Moreover, the presence of clutter adds extra diffi-
culty. For example background clutter (appearing when the
background is either dynamic or very complicated) or fore-
ground clutter (occlusions) significantly affect the appear-
ance of the extracted pattern, thus making the action spot-
ting procedure more complex.
A limited number of works have been proposed in the

past years to tackle the above mentioned problems. In

[20] the authors exploit the curvature scale space of silhou-
ettes, offering in that way invariance to noise and signifi-
cant shape corruption. In a more recent approach [6] the
authors propose a compact local descriptor based on visual
space-time oriented energy measurements. The developed
descriptor allows for the comparison of the underlying dy-
namics of two space-time video segments irrespective of
spatial appearance, such as differences induced by cloth-
ing, and with robustness to clutter. The authors employ
the Fourier transform in order to achieve fast calculation
of the convolution of the input imagery with a set of Gaus-
sian third derivative filters. The result is used to calculate
an energy function, used for template matching in order to
achieve action spotting.
The differences of our work with the approach presented

in [6] are threefold. First, we use the Fourier transform to
define 3D gradient correlation. Second, we provide space
and time scale invariance using the proposed 3D gradi-
ent correlation, while in [6] the authors provide invariance
through the proposed marginalized energy function. Third,
we also deal with action patterns whose frames need re-
ordering, something that is not the case for the method pre-
sented in [6]. Furthermore, in terms of performance the
proposed method has lower computational complexity al-
lowing faster action spotting.
During the past decade, human action recognition has

attracted the scientific community’s interest due to its wide
applications in human computer interfaces, video surveil-
lance etc. A great amount of research has been conducted
towards human action recognition of a small set of basic ac-
tivities under controlled conditions and can be distinguished
in three categories: those that use articulated models, those
that use spatio-temporal features and the last category that
includes the methods that use motion templates.
In more detail, the first category includes methods that
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Figure 1. Overview of the proposed method

estimate the parameters of articulated models of human
bodies and apply vector-based methodologies on the ac-
quired parameters. In [17] the authors build a model of ap-
pearance of each person in every video and track it through
time. The 3D motion sequence is then synthesized and
matched against a collection of annotated motion capture
data using a simple Support Vector Machines (SVMs) sys-
tem. An articulated model is also used in [22], where 2D
and 3D shape cues such as silhouettes, motion residue and
skeleton curves are used to track the model through time
using multiple cameras.
The above mentioned representations are invariant to

viewpoints, since they fit complete models to the human
body. They are also not affected by scale changes, as the
relative position of the model’s joints remains the same
throughout the motion. However, the procedure of fitting an
articulated model using 2D data, acquired either from one
or multiple cameras, is highly depended on the initialization
parameters. It is also more likely to fail when occlusion or
clutter are present in the video. Moreover, the construc-
tion of an entire model for each human body for each video
frame is exceptionally computationally complex, something
extremely undesirable.
The second category is based on the 2D tracking of land-

mark points, such as body limbs, face etc on the image
plane. Salient points that are distinctive for an action, cal-
culated by measuring energy, are detected and used either
in a bag-of-words approach [15] or to form cuboids in time
[18]. The curvatures of specific human joint points are also
used in [16]. A variety of different detector spatio-temporal
points are also combined for better features extraction in
[12]-[24]. In all the above methods, the acquired trajec-
tories are subsequently modelled and classified using clas-
sical vector-based methodologies such as Hidden Markov
Models (HMMs) and SVMs. The use of point trajectories
constitutes the approach view invariant. However, accurate
positions of the points are difficult to estimate, especially in
the presence of occlusion, clutter and loose clothing.
The third category contains methods that rely on view-

based representations, extracting templates to achieve ac-

tion recognition. Early approaches utilize holistic represen-
tations such as temporal images, calculating motion history
images [4], optical flow [25] or action shapes [8]. However,
the need for more efficient representations has resulted in
the extraction of local features estimated on spatiotempo-
rally salient points, that can be detected in a more robust
way, despite illumination and small viewpoint variations.
Thus, histograms of Oriented Gradients or of optical flow
were used [5][13]. Lately, the correlation between temporal
templates has been also thoroughly studied [11][13].
In this paper we preset a novel and efficient method that

spots an action in a reference video sequence. The meth-
ods employs the 3D Fourier transform in order to define a
3D gradient correlation in the frequency domain. The pro-
posed method is invariant to space and time changes and
efficiently spots action patterns even in cases where there
is frame reordering. Experiments conducted with a pub-
licly available database demonstrated the superiority of the
proposed method in terms of more accurate estimations and
significantly lower computational complexity.
The remainder of this paper is organized as follows. We

define the correlation in the frequency domain in Section 2
and extend it for action spotting in Section 3. Results are
presented in Section 4. Conclusions are drawn in Section 5.

2. MOTION ESTIMATION IN THE FRE-
QUENCY DOMAIN

2.1. Phase Correlation
Baseline phase correlation operates on a pair of images

or, more commonly a pair of co-sited rectangular blocks ft
and ft+1 of identical dimensions belonging to consecutive
frames or fields of a moving sequence sampled at t, t + 1.
The estimation of motion relies on the detection of the max-
imum of the cross-correlation function between ft and ft+1.
Since all functions involved are discrete, cross correlation is
circular and it can be carried out as a multiplication in fre-
quency domain using fast implementations. The correlation
surface is defined as:

ct,t+1(k, l) = F−1

(
F ∗t Ft+1

|Ft ∗ Ft+1|

)
(1)

where Ft and Ft+1 are respectively the two-dimensional
discrete Fourier transforms of ft and ft+1, F−1 denotes the
inverse Fourier transform and ∗ denotes complex conjugate.
The co-ordinates (km, lm) of the maximum of the real-
valued array ct,t+1 can be used as an estimate of the hor-
izontal and vertical components of motion at integer pixel
precision between ft and ft+1 as follows:

(km, lm) = arg max Re {ct,t+1(k, l)} (2)
whereRe{} is the real part of the complex phase correlation
surface array. It is also worth mentioning similar methods



operating in the frequency domain on a square lattice pre-
sented in [2, 7, 10, 21].

2.2. Gradient Correlation
At each pixel location f(x, y) of each frame discrete

approximations to the horizontal and vertical components
of the spatial gradient are obtained using central differ-
ence, i.e. ght (x, y) = ft(x + 1, y) − ft(x − 1, y) and
gvt (x, y) = ft(x, y + 1) − ft(x, y − 1). The two terms are
combined in a unified complex representation of the form
gt(x, y) = ght (x, y) + jgvt (x, y), which retains dense mag-
nitude and phase information. It should be noted that this
representation is independent of the approximation to the
gradient operator. In this work, standard Phase Correla-
tion is replaced by gradient cross-correlation (GC) defined
as follows

GCt,t+1(k, l) = F−1 (G∗tGt+1) (3)

where Gt and Gt+1 are respectively the 2D FFTs of gt and
gt+. The location of the maximum corresponds to the shift
between the frames and it is given by (2).

Figure 2. The obtained 4D correlation surface

2.3. Sub-pixel accuracy
Sub-pixel accuracy of motion measurements is obtained

by separable-variable fitting performed in the neighbour-
hood of the maximum using one-dimensional quadratic
functions [1, 3]. Using the notation in (2) above, the loca-
tion of the maximum of the fitted function provides the re-
quired sub-pixel motion estimate (dx, dy). For example fit-
ting a parabolic function horizontally yields a closed-form
solution for the horizontal component of the motion esti-
mate dx as follows:

dx =
ct,t+1(km + 1, lm)− ct,t+1(km − 1, lm)

2(2ct,t+1(km, lm)− ct,t+1(km + 1, lm)− ct,t+1(km − 1, lm))
(4)

The fractional part dy of the vertical component can be ob-
tained in a similar way. Instead of a quadratic function fit-
ting, a Gaussian or a ‘sinc’ function may also be used [7].
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Figure 3. The obtained correlation surface over the time axis

3. Action spotting in the frequency domain

In this section Gradient Correlation (GC) is extended to
3D space allowing automatic action spotting and frame or-
dering. Let s(x, y, ts) and q(x, y, tq) be two sequences with
s containing a period of a given action, while in q unknown
actions are repeated. The proposed method automatically
spots the given action and applies frame ordering.
In the first stage of the proposed algorithm background

extraction is applied using adaptive Gaussian mixture mod-
els and a bounding box around the foreground is estimated.
The same procedure is applied to both sequences and we ob-
tain sb(x, y, ts) and qb(x, y, tq) corresponding to the fore-
ground areas of action (see Fig. 1). In order to perform
action spotting in the frequency domain 3D Gradient Cor-
relation is applied on the unequal size sequences sb(x, y, ts)
and qb(x, y, tq):

cs,q(k, l, n) = FFT 3−1(
FFT3(sb(x,y,ts))

∗FFT3(qb(x,y,ts))
|FFT3(sb(x,y,ts))∗FFT3(qb(x,y,ts))|

)
(5)

Nevertheless, this has the obvious disadvantage of re-
quiring a gradient correlation operation to be performed be-
tween two sequences of unequal sizes, i.e. ts < tq . One
straightforward way to go round this problem would be to
increase the size of the action sample sb(x, y, ts) by a fac-
tor in each side of the time axis by extrapolative padding,
i.e., by symmetric insertion of zero frames or mid-grey val-
ues to the unknown time locations outside the sample ac-
tion box until the latter assumes equal dimensions to the
qb(x, y, tq) sequence. Furthermore, it may be beneficial to
carry out this operation in the frequency domain by inter-
polative upsampling of Sb, which is the Fourier transform
of sb(x, y, ts). Linear interpolation may be used to obtain
S̃b, whose dimensions are now identical to Qb, which is
the Fourier transform of qb(x, y, ts), and hence allowing 3D



Gradient Correlation to be possible:

cs,q(k, l, n) = FFT 3−1

⎛
⎝ S̃∗bQb∣∣∣S̃∗bQb

∣∣∣

⎞
⎠ (6)

Interpolative upsampling in the frequency domain has
the obvious practical advantage that the Fourier transform
of the Sb sequence requires far less computations than oth-
erwise. Furthermore, the use of background extraction
provides the additional advantage of avoiding the artificial
edges occurring at the transition boundary between actual
data and extrapolated data. Indeed, actual data are zero in
the background areas of the frames while extrapolated data
are zero by definition.
The obtained correlation 4D surface (see Fig. 2) contains

multiple peaks indicating the repetitions of the action during
the whole sequence. Since the peaks are expected to be on
the time axis the x and y axis can be removed by applying
summation according to

c̃s,q(n) =

k∑ l∑
cs,q(k, l, n) (7)

An example of a correlation function on the time axis is
shown in Fig. 3, where three peaks are observed. In this
example we expected to have three peaks since only three
repetitions are present.
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Figure 4. The obtained shift over time

In the second stage of the proposed method, frame or-
dering is applied in the frequency domain. Since the ac-
tion spotting is positive and the a period is obtained frame
ordering is a pre-required step before action recognition is
performed. In this stage again 3D Gradient Correlation is
applied but in this case zero-padding or interpolation in the
frequency domain are not required.

cps,q(k, l, n) = FFT 3−1

(
S∗bQpb
|S∗bQpb|

)
(8)

where Qpb is one period of the spotted action. In order to
obtain the frame shift summations over the x and y axis are

applied and the location of the peak indicates the required
time shift to order automatically the frames. An example is
shown in Fig. 4.

3.1. Space and Time scale invariance

One of the problems that it may be noticed is the sen-
sitivity of the proposed method to object and time scaling.
In order to reduce these problems the extended version of
Gradient Correlation to scaling is utilised. If the video se-
quence sb(x, y, t) is a replica of qb(x, y, t) scaled by the
factors (a, b, c), they are related by

sb(x, y, t) = qb(ax, by, ct) (9)

The Fourier transforms are given by

Sb(k, l, n) =
1

|abc|
Qb(k/a, l/b, n/c) (10)

and by taking logarithms:

Sb(log k, log l, logn) = AQb(log k log a, log l − log b, logn log c)
(11)

If logarithmic axes are used, the scaling factor can be found
as a shift in the frequency domain [9, 19, 23].

4. Experimental Results

For the experiments we used the well-known database
for action recognition, namely the Weizmann [8] dataset.
More precisely, the Weizmann Action Dataset depicts 9
subjects performing 10 different activities: “run”, “walk”,
“skip”, “jumping-jack” (or shortly “jack”), “jump-forward-
on-two-legs” (or “jump”), “jump-in-place-on-two-legs” (or
“pjump”), “gallop sideways” (or “side”), “wave-two-hands”
(or “wave2”), “wave-one-hand” (or “wave1”) and “bend”.
Each video sequence is of resolution 144× 160 pixels.
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Figure 5. Different responses of correlation surfaces over the time
axis for “jack” from Weizmann dataset.



Action recognition

Regarding action recognition we first calculated the
value of the correlation surface of an action with a sample
period of every available class. In that way we acquired a set
of responses, each one corresponding to one of the available
classes. The response with the greater value corresponded
to the class that was assigned to the sample under exam-
ination. An example of the different responses acquired
when a “jack” sample period was used from the Weizmann
database, for all available actions regarded, is shown in Fig.
5. The action recognition accuracy was equal to 100% for
the Weizmann dataset.

Period detection

We subsequently conducted experiments in order to find
the periods of action inside a video sequence. To this end,
we isolated the frames corresponding to one period of action
from one video sequence and searched for them in another
video sequence. In Fig. 6 we present the acquired results for
the actions “bend” and “jack” from theWeizmann database.
Indeed, as can be seen, several peaks appear in the graphic
plot. Each peak corresponds to the middle frame of a pe-
riod, thus indicating the number of periods existing in the
video sequence. For the “jack” six peaks are observed. In
this example we expected to have three peaks since only
three repetitions are present. This can be explained by the
fact that in the specific action the first half of the period is
almost identical with the second half (in the inverse order).
For the “bend” action only one period is present therefore
only one peak is observed, while a second one just starts to
appear again due to the symmetry of the action.

0 10 20 30 40 50 60 70 80 90
0.60

0.65

0.70

0.75

0.80

0.85

0.90

0.95

Frame

C
or

re
la

tio
n 

S
ur

fa
ce

 o
ve

r T
im

e 
ax

is

Period detection

Bend

0 10 20 30 40 50 60 70 80 90
0.995

1

1.005

1.01

1.015

1.02

1.025

1.03
x 1012

C
or

re
la

tio
n 

S
ur

fa
ce

 o
ve

r T
im

e 
ax

is

Frame

 Period detection

Jack

(a) “bend” (b) “jack”
Figure 6. Period detection for a)“bend” and b)“jack” actions from
Weizmann dataset.

Time shifting

Subsequently, we studied the effect of time shifting, i.e.
the ability of the proposed method to correctly localize and
recognize actions when their periods appear in a different
time moment. We regard this case to result from a time
shifting by a number of frames. As can be seen in Fig. 1
the action whose correlation surface over the time axis is
depicted in the second row (“bend” and “walk” from the

Weizmann database) is the same with the response depicted
in the first row, shifted by a number of frames N (in that
case equal to 4 and 10). That means that the action in the
second video sequence startedN frames later than that from
the first video sequence.
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Figure 7. Effect of time shifting in bend and walk from the Weiza-
mann database.

Symmetry in actions

The proposed method also correctly identifies symmetry
parts in an action achieving in that way inversion-invariant.
In Fig. 8 the action “walk” from the Weizmann database is
considered. For that action, the second half of the period
can be considered as the inversed version of the top half,
something that is evident in the estimated correlation sur-
face.
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Figure 8. Spotting symmetry in video sequence.

5. CONCLUSIONS

In this paper we presented a novel and efficient method
to perform action spotting in a video sequence. The
method defines a 3D gradient correlation function using
the 3D Fourier transform, that is invariant to spatiotempo-
ral changes, as well as to frame reordering. Experiments
conducted in a publicly available database verified the su-
periority of the proposed method in terms of more accurate
estimations and significantly lower computational complex-
ity.
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