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ABSTRACT

Video interest points, in combination with local appearance
descriptors, are used for human action recognition. Most
of the previously proposed video interest point detectors
are straightforward extensions of some image interest point
detector or the other. These methods treat the temporal
dimension (inter-frame) similar to the spatial dimensions
(intra-frame). We argue that certain unique properties of
the temporal dimension beg a different treatment. We pro-
pose an interest point detector based on vector calculus of
optical flow to take advantage of the unique properties of
the temporal dimension. Compared to previously proposed
methods, the proposed method exhibits higher repeatability
(robustness) and lower displacement (stability) of interest
points under two common video transformations tested —
video compression and spatial scaling. It also shows com-
petitive action recognition performance when paired with
appropriate feature descriptors in a bag of features model.
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1. INTRODUCTION
Automated human action recognition has received much

attention in research due to increase in easily available com-
putational power, ubiquitousness of surveillance cameras,
and increased interest in enhancement of physical security in
crowded public spaces. Other applications of action recogni-
tion are video retrieval, and human-computer interaction. A
popular framework of action modeling is the bag-of-features
approach [20], which is a variation of bag-of-words model
[13] for document classification in information retrieval and
natural language processing. To get good motion features
several spatio-temporal interest point detectors and descrip-
tors have been proposed [27]. Interest points are useful in
information reduction by finding locally unique appearance
patterns in image and videos instead of having to use all the
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pixels in subsequent stages of processing. Such locally iso-
lated and unique points are called interest points. Addition-
ally, interest points should be robust (detectable) and stable
(appear in the location expected) under common transfor-
mations such as image scaling. Robustness of detection and
stability of location of interest point help in matching corre-
sponding interest points between two images of the same or
similar scenes. In images, interest points have been associ-
ated with large intensity variation in any spatial direction,
e.g., corners [15].

Starting with a sparse set of interest points from an im-
age, descriptors of these interest point are also be extracted
and used for describing the appearance around these points
based on their neighbouring pixels. Descriptors are used to
establish correspondence of these interest points across im-
ages. Matched points can be used for image registration,
image alignment, object recognition, object classification,
etc. [22]. Interest points in the spatial domain, i.e. im-
ages, have been extensively explored. Several robust meth-
ods are now available for finding interest points in images
starting with scale-invariant feature transform (SIFT) [19].
Interest points detected by SIFT are robust to scale and ro-
tation transformations of an image. Their descriptors are
also highly distinctive in the sense that a single feature can
be correctly matched with high probability against a large
database of features from many images. Other interest point
detectors inspired from SIFT have also been reported such
as SURF [1].

Similar to the ones in images, interest points in videos
are based on localized spatio-temporal analysis. Any point
in a video for which the intensity exhibits a locally unique
and isolated pattern in the three dimensions (two spatial,
and one temporal) can be an interest point. A descriptor
may be extracted around the interest point based on the
spatio-temporal neighbourhood pixels. To find correspon-
dence between two videos at multiple scales and different
viewing angles, an interest point should be invariant to these
changes. Video interest points along with their descriptors
can be used for video alignment, video retrieval, event detec-
tion, action recognition, human detection, pose estimation,
etc.

Many existing methods for detecting interest points in
videos are 3D extensions of their 2D (image) counterparts to
detect spatio-temporal corners. For example, Cheung et al.
[6] proposed n-SIFT, which is an n-dimensional generaliza-
tion of 2D SIFT, and Laptev et al. [15] extended 2D Harris
corner detectors to a 3D Harris corner detector. However,



it has already been observed that spatio-temporal corners
are relatively rare occurrences. This results in overly sparse
features and poor performance for many real-world applica-
tions [15]. Dollar et al. [7] (referred to as Dollar in rest
of the paper) improved Laptev’s method for human action
recognition by relaxing the constraint to detect a corner in
the temporal domain to get better results. However, they
stopped short of articulating the exact nature of the differ-
ence between the spatial and temporal characteristics of a
video.

In particular, this paper achieves the following objectives:

1. Articulates the special characteristics of the temporal
dimension of videos in section 2

2. Proposes a more appropriate treatment of the tem-
poral dimension for detecting video interest points by
using vector calculus on optical flow in section 3; and

3. Demonstrates that the proposed method is more ro-
bust to common video transformations in a video copy
search setting — scale and compression ratio changes
— when compared to other methods in section 4

4. Demonstrates that the proposed interest point detec-
tor gives improved action recognition performance on a
popular benchmark dataset by combining it with local
descriptors in a bag-of-features framework in section
4.

2. SPECIAL CHARACTERISTICS OF TEM-

PORAL DIMENSION
In spatial dimensions objects have sharp boundaries due

to their finite spatial shapes and sizes. However, objects
mostly persist in the temporal dimension, forming tube-like
shapes stretched in time. In other words, the temporal di-
mension is not equivalent to depth (i.e., t is unlike x, y, or
even z) and captures a continuous flow of the 2D projection
of an object in tube-shaped structures as shown in Fig. 1.
The cross-section of the video object tube corresponds to its
finite boundaries in each frame, while it persists in time for
as long as it can be seen in the scene. The reason behind
poor performance of simple 3D extensions of the 2D inter-
est point detectors in videos is most likely an inappropri-
ate incorporation of temporal data in these detection meth-
ods. Among the existing methods of detecting video interest
points studied, only the MoSIFT [5] treats the temporal di-
mension differently from spatial dimensions by combining
SIFT for spatial dimensions with optical flow incorporating
the flow-like properties of the temporal dimension. Later,
we show in the section 4 that MoSIFT indeed performs bet-
ter than 3D corner detectors, along with the method that
we propose in this paper.

Because of object persistence, temporal discontinuities (sharp
boundaries) are rare occurrences, and are usually associated
with occlusion, revelation, entry, or exit of the object from
the scene. Objects also move only to the extent allowed by
laws of physics (e.g. finite velocity and acceleration). These
properties of the temporal dimension automatically imply
that spatio-temporal corners are rare, which explains their
overly sparse occurrence [15]. Thus, to detect interesting
motion, concentrating on some locally unique characteris-
tics of the temporal flow itself is likely to yield better results.
This points towards the use of optical flow.

Figure 1: Example of tube like motion patterns in
spatio-temporal domain [2].

3. PROPOSED ALGORITHM
In order to incorporate continuity of objects in temporal

dimension, the proposed method is based on optical flow,
which is similar to the idea behind MoSIFT. The proposed
method departs from MoSIFT in its use of vector calculus
on optical flow to detect relative motion. Since, optical flow
forms tube-like patterns, vector calculus is a natural choice
to measure differential motion between objects (usually be-
tween target and background) due to its wide applications
in fluid kinematics. We treat optical flow as a vector field for
each frame. Our interest points are those points that have
a curl [26] magnitude greater than a threshold. We also ex-
perimented with divergence, but the empirical results were
not satisfactory. Fig. 3 shows that high divergence mag-
nitudes were seen all along a moving edge. However, high
curl magnitudes were seen for only a spatially isolated set of
points where direction of relative motion of object is parallel
to its boundary. For example, on a person moving sideways,
these interest points will be near the top of head and bot-
tom of feet as illustrated in Fig. 2. We should clarify that

Figure 2: Illustration of the optical flow of an object
boundary with line integrals for divergence and curl.



(a) (b) (c)

Figure 3: Example of vector calculus applied to optical flow of the video: (a) Sample frame with optical flow
overlaid, contours of (b) divergence and (c) curl magnitudes of the optical flow of frame in (a).

this curl is non-zero not because the object is rotating, as is
the usual purpose of calculating curl in vector calculus. The
curl is non-zero because a closed-loop line integral of opti-
cal flow around a boundary point with tangential motion
(e.g., top of the head) gets unidirectional contribution from
the moving side of the boundary (e.g., the head with tan-
gential flow), and no contribution from the stationary side
(e.g., background above the head with no flow). The loca-
tions of interest points for a moving object detected using
the proposed method are thus predictable.

Let the velocity vector
−→
V of a point in a frame, as repre-

sented by its optical flow, be expressed as a linear combina-

tion of unit vectors in x direction (
−→
i ) and y direction (

−→
j )

as:
−→
V = u

−→
i + v

−→
j (1)

For completeness, we reproduce the equation to calculate

the curl of
−→
V as:

∇×
−→
V =

∂Vu

∂v
−

∂Vv

∂u
(2)

Note that, ∇× ~V is a vector. So, we take its magnitude,
and find local maximas in a frame in order to find locally

isolated points. If
∣

∣

∣
∇× ~V

∣

∣

∣
> T at a point, and it is also a

local maxima then we consider it as an interest point, where
T is a threshold. The threshold T can be fixed empirically
to give a desired detection sensitivity while trading-off with
specificity. Alternatively, one can pick a desired number
of interest points by sorting the local maximas according
to their curl magnitude and picking the top, say, 50 points
for each frame. In this paper, we have considered a fixed
threshold for all videos, which was T = 0.05.

4. EXPERIMENTAL RESULTS
We evaluated proposed stability and robustness of the in-

terest point detected using the proposed method. We ex-
pected more stable and robust interest points to also improve
action recognition performance when used with appropriate

descriptors in a bag of features model.

4.1 Stability and Robustness
The proposed and other methods for detecting video in-

terest points were tested for robustness and stability with
respect to two common transformations in video copy search
— compression and scaling. For this, we used repeatability
rate and displacement of interest points between pairs of cor-
responding frames in the original and transformed videos as
performance metrics. The repeatability rate [22] is defined
as the number of points repeated between two images (cor-
responding frames) as a fraction of the minimum number of
detected points between the two images. The repeatability
rate r(ǫ) for an image I ′, which is a transformed image of I ,
is defined by (3):

r(∈) =
|R(∈)|

min(n, n′)
(3)

where n and n′ are the number of interest points detected in
the overlapping part of images I and I ′, respectively. R(ǫ)
is the set of matched point pairs between the two images in
a search window of size ǫ around the expected match loca-
tion in image I ′ based on the location of an interest point
in the image I . Ideally, an interest point should be found in
the exact corresponding locations in the original and trans-
formed images. That is, for a compressed video, the interest
point should be in the exact same location, but for the scaled
video, the pixel coordinates of the predicted interest point
will also be scaled by the same factor as the entire frame.
However, due to appearance changes arising from the trans-
formations, the interest point may be displaced slightly, or
may not be found at all.

We have considered a window of 3×3×3 for matching the
interest point. Interest points can be matched only within
this window with respect to the original video. Although we
could have chosen a larger window sizes such as 5× 5× 5 or
7× 7× 7, but larger windows would have increased chances
of spurious matches.

Displacement of interest point is measured in terms of
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(a) Repeatability versus Compression ratio.
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(b) Displacement of interest point versus Compression ratio.
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(c) Repeatability versus Scale ratio.
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(d) Displacement of interest point versus Scale ratio.

Figure 4: Repeatability and displacement for video compression and spatial scaling for the compared methods:
Proposed method is labelled Curl. Results were averaged over 100 videos. Standard deviation is shown as
error bars. A slight x-axis offset was added to the line plots to avoid visual overlap of error bars for clarity.

distance, i.e., how far from its corresponding location in the
original frame can an interest point be found in the trans-
formed frame. To calculate displacement, we search for the
interest point in a much larger neighbourhood than the one
used for calculating repeatability.

The video dataset used for the present experiments were
obtained from KTH [23] and Weizmann [8][2] containing
various videos showing human actions e.g. walking, run-
ning, boxing. A total 100 videos from both the datasets
were considered for the experiment. We took the original
video set and computed the transformed video set with dif-
ferent compression ratios and scaling factors. The original
video set was in compressed format with compression ratio
of 1/3. These were further compressed with compression
ratios of 1/150, 1/175, 1/200, 1/225, 1/250 and 1/275. We
also scaled the original videos in x and y dimensions by fac-
tors of 0.5, 0.75, 1.25, 1.5, 1.75 and 2. FFmpeg software
was used to compress and scale the videos (using MPEG4
codec for compression and bicubic interpolation for scaling).

In total, for each original video we had 6 compressed and 6
scaled videos. The repeatability and displacement measures
were averaged over all frames taken from these 100 videos.

The proposed method was implemented in MatlabR© and
compared with other methods studied — Dollar [7], n-SIFT
[6] and Mo-SIFT[5]. We used the original authors’ imple-
mentation for Dollar with their recommended parameters.
We implemented n-SIFT and MoSIFT based on the algo-
rithms described in the respective publications, and empir-
ically tuned their parameters to give reasonable sensitivity-
specificity trade-off. We have used Horn-Schunck method
for optical flow [9], which is a library function in MatlabR©.

The repeatability curves for compressed and scaled videos
are shown in Fig. 4(a) and 4(c). In both cases, the proposed
method performs better than other techniques that were
studied. MoSIFT results are closer to the proposed method
because it is also based on optical flow, and it makes use of
the unique properties of the temporal dimension. Similarly,
results for displacement of interest points versus compres-



Table 1: Average accuracy for the combination of proposed detector with various local descriptors on KTH
and Weizmann dataset

3D-SIFT HOG3d HOG HOF HOG/HOF
KTH 84.99% 85.39% 85.91% 93.4% 87.39%

Weizmann 93.64% 88.54% 87% 88.54% 87.51%

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5: Examples of interest points detected by
various methods, (a)-(b) Curl, (c)-(d) Mo-SIFT, (e)-
(f) n-SIFT, (g)-(h) Dollar.

sion ratios and scale ratios are shown in Fig. 4(b) and 4(d).
It can be observed that the average displacement of inter-
est points is smaller for the proposed method compared to
other methods. Standard deviation is also shown in each
graph which shows that the proposed method has less vari-
ation and it is more stable. The proposed method showed
more variance in repeatability as compared to other meth-
ods when videos were scaled down. This is because at lower
scale the density of points was less. This led to some inter-
est points not being detected in some videos. As the scale
increases the density of points also increases leading to a
decrease in variance of repeatability.

Additionally, qualitative analysis, as represented by Fig. 5,
showed that the interest points detected by the proposed
method appear only on relative motion boundaries. These
points are neither too sparse nor do they appear on the
stationary background, thus making them potentially useful
for action recognition. This is not the case with the other
methods studied.

4.2 Action Recognition
The proposed detector was combined with local descrip-

tors such as HOG/HOF [16], HOG3d [12] and 3D-SIFT [24]
for action recognition on two datasets. The KTH actions
dataset consists of six human action classes: walking, jog-
ging, running, boxing, waving, and clapping. The sequences
were recorded in four different scenarios: outdoors, outdoors
with scale variation, outdoors with different clothes and in-
doors. The Weizmann dataset consists of ten human action
classes: walk, run, jump, bend, one-hand wave, two-hands
wave, jump in place, jumping jack and skip with homoge-
neous outdoor background. A video sequence was repre-
sented as bag of features extracted from the video [20]. Fea-
tures were first quantized into visual words and a video was
represented as a frequency histogram over the visual words.
Vocabularies were constructed with k-means clustering. We
set the number of visual words to 4000 as suggested by [27].
Then the histogram of visual words occurrence was formed
for each video which was used for classification using a non-
linear support vector machine [4]. We used leave-one-out
cross validation method for classification [3].

The results of combination of proposed detector with local
descriptors are shown in Table 1. From the table we can con-
clude that no single category of features performs best on all
kinds of dataset. 3D-SIFT descriptors (not to be confused
with n-SIFT detector) shows better results for Weizmann
dataset because it captures shape in 3D and dataset has
static background with no camera movement, illumination
variation and zooming. In case of KTH dataset due to pres-
ence of camera movement, illumination variation and zoom-
ing the 3D shape characteristics were affected. Hence, HOF
shows better results because it captures motion effectively.
The best combination of proposed detector and descriptor
is compared with state-of-art action recognition methods in
Table 2. In order to compare various interest point detec-



Table 2: Compairing the average accuracy of
the best combination of detector and descriptor
with state-of-art methods on KTH and Weizmann
dataset

KTH Weizmann
Our method 93.4% 93.64%

Schuldt et al. [23] 71.83% –
Wong et al. [29] 87.7% –
Jhuang et al. [11] 91.7% 98.8%

Scovanner et al. [24] – 82.6%
Laptev et al.[16] 91.8% –
Niebles et al. [20] 81.5% 90%
Klaser et al. [12] 91.4% 84.3%
Willems et al. [28] 84.3% –

Liu et al. [17] 93.8% 71.69%
Yang et al. [30] 75.71% –
sun et al. [25] 94% 97.8%

Jia Liu et al. [18] 73.5% 87.5%
Kovashka et al. [14] 94.53% –
Fei Hu et al. [10] 74.4% 75.8%
Samanta et al. [21] 93.51% –

tors, we emphasize comparing our results with those that
use a different detector-descriptor combination in a bag-of-
features paradigm. The proposed method performs better in
all the cases when compared to other bag-of-features mod-
els with average accuracy of 93.64% in case of Weizmann
dataset and 93.4% in case of KTH dataset. The methods
that outperform the proposed method in action recognition
take temporal order into account, which is not used in ap-
proaches based on bag-of-features.

5. CONCLUSION
In this paper, we noted some unique properties of the tem-

poral dimension of videos that make it different from spatial
dimensions. We proposed a new method for detecting inter-
est points in videos based on vector calculus of optical flow
to make use of these unique properties. To evaluate the ro-
bustness and stability of various interest point detectors, we
have used repeatability rate and displacement of pixel be-
tween an original video and its transformed video by chang-
ing its compression factor and spatial scale. The results show
that the proposed method gives interest points that are ro-
bust and stable and potentially more useful (not too sparse,
nor on the stationary background) as compared to the other
techniques studied. The proposed detector also shows better
results for higher level task such as action recognition.

This work can be extended by including other vector cal-
culus measures in either detection of interest points or their
descriptors. For example, we can also consider flow as a 3D
vector to detect motion inflexion points. We can also evalu-
ate continuity of trajectories formed by interest points across
frames using various methods and test their performance
for applications such as action recognition. A rigourous
mathematical framework with empirical confirmation is also
needed to characterize the difference between temporal and
spatial dimensions of a video.
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