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ABSTRACT
Interest points in videos are spatio—temporal points within
a video that can be used to build complex video process-
ing systems such as action recognition and video retrieval
systems. In this paper, we propose a method to localize
spatial interest points in a video in the temporal domain,
and discuss the results obtained with our experiments in
comparison to the popular traditional handcrafted interest
point detectors under various transformations. Our scheme
is primarily based on the extraction of dense trajectories
of objects in videos obtained through optical flow compu-
tations. The Ramer—Douglas—Peucker(RDP) algorithm is
used on the dense trajectories in order to extract key points
that are localised in the temporal dimension.

Keywords
Video interest points, Video, RDP, temporal localization,
motion analysis

1. INTRODUCTION
Interest points in videos have been studied for a very long

time for their use in a variety of applications such as action
recognition and video analysis among several others. A ro-
bust and reliable feature detection and description scheme
is a necessity for such truly arduous tasks. A lot of such
schemes are well known in the literature regarding image
interest points. There have been several attempts to ex-
tend the feature detection and description algorithms used
in images to videos with reasonable success for tasks such as
action recognition. Schemes such as Harris—3D [8], Mosift
[2] and 3D—SIFT [11] treat the temporal dimension as an
extension of the spatial dimension, i.e. these methods use
only gradients in the temporal dimension to extract interest
points in videos. However, it is of the authors’ opinion that
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such treatment of the temporal dimension may not be suit-
able for the formulation of interest points in videos that can
be localised in time: such an interest point would be useful
for tasks such as video retrieval and video alignment where
there exists the requirement for key points to be localised in
time. In this paper, we introduce a novel method which is
based on a holistic trajectory analysis, for detection of inter-
est points that can be localised in the temporal dimension.
We use a combination of variational optical flow and a curve
simplification algorithm to attain our objectives.

This paper is organised as follows: In section 2, we take
a look at the system model in detail and explain the key
point tracking scheme and localization schemes. Section 3
discusses the results obtained over the course of our experi-
ments. Finally, section 4 concludes the paper with the sum-
mary and puts forward future research directions.

2. SYSTEM MODEL
The following figure depicts the major components of the

proposed system for interest point detection.

Figure 1: System diagram for interest point detec-
tion

The initial frame is sampled with a grid to generate candi-
date key points. The candidate key points are tracked using
variational optical flow to generate long point trajectories.
The trajectories thus obtained are filtered to remove trajec-
tories that may be deemed as not interesting. The remaining
trajectories are subjected to a curve simplification algorithm



to generate key points on the trajectories that are localised
in the temporal dimension.

In the following subsections, we take a closer look at each
of the components.

2.1 Initial set of points
A grid of candidate key points is formed from the input

frame by densely sampling the input frame at regular spa-
tial intervals. During our experiments, we used sampling
grids of size 2, 4 and 8 pixels to generate candidate inter-
est points. We found through visual inspection that the
trajectories obtained by tracking key points generated by
sampling the input frame were of similar structure over a
range of comparable grid sizes. Therefore, we used a fixed
grid size of 8 pixels to sample the initial frame. Alterna-
tively, the system can also be initialised with any particular
set of points: For example, the candidate key points could
be initialised according to the key points generated by SIFT.

2.2 Trajectory extraction
The candidate key points are tracked with the help of

variational optical flow vectors. A filtering mechanism is
used to remove trajectories formed by tracking of candidate
key points sampled from the background.

2.2.1 Tracking with Variational flow
We track the candidate key points from frame t to frame

t+1 using its location in the tth frame (xt, yt) and the flow[7]
vectors computed at that position ft(xt, yt) to estimate the
position of the key point (xt+1, yt+1) in the (t+1)th frame as
shown in the equation below. To compute the flow, we use
the state—of—the—art algorithm by Brox et. al[1] which
uses descriptor matching of candidate key points between
adjacent frames to improve the flow computations.

(xt+1, yt+1) = (xt, yt) + ft(xt, yt) (1)

A similar procedure is repeated for tracking key points in
the (t+ 2)th frame. If the predicted position of a key point
obtained by the computation earlier lies outside the bound-
ary of the image, it indicates that the key point is likely to
have gone out of the scene and it is no longer required to
track the key point. The trajectory of a candidate key point
consists of the sequential ordering of the predicted positions
of the key point at every time instant within the video.

The images in table 1 show, a grid of points being tracked
through the video using optical flow. The trail left by each
point indicates its trajectory.

2.2.2 Filtering the trajectories
A lot of the trajectories obtained through tracking of flow

vectors are ”not interesting” due to the presence of the back-
ground and noise in the video. Trajectories obtained from
the background of the scene are typically not stationary due
to slight camera motion and errors in computation of the
optical flow vectors. Hence, we employ a velocity—based
filtering scheme to exclude trajectories that are not interest-
ing.

The instantaneous velocity of the key point at time t,
vt(xt, yt) is defined as:

vt(xt, yt) = |xt − xt−1|+ |yt − yt−1| (2)

We use this definition instead of the regular euclidean ve-
locity as it lowers the computational complexity without sig-
nificantly changing the decision boundary. A lower thresh-
old on the mean of instantaneous velocity of the candidate
key point along the length of the entire trajectory is used
to remove trajectories with very little motion and an upper
threshold on the maximum instantaneous velocity within a
trajectory is used to remove trajectories corrupted by noise.

The images in table 2 show the trajectories of filtered
points. It can be observed that our filtering approach re-
moves almost all the background points.Figure 2 shows the
3D plot of the trajectories after filtering. The Z axis is the
time axis, X and Y axis represent the spatial co-ordinates.

Table 1: Initial grid of points tracked through using
Variational flow.

Table 2: Trails of the filtered points being tracked
through the video



Figure 2: 3D plot of filtered trajectories

2.3 Interest Point Detection
After filtering the trajectories by employing a instanta-

neous velocity—based thresholding, we use Ramer—Douglas—
Peucker (RDP) algorithm to find key points that can be
localised in time within the remaining trajectories. This is
based on the intuition that any action can be broken up into
certain key ”moments” that can describe the entire trajec-
tory of motion.

2.3.1 Ramer Douglas Peucker Algorithm
The Ramer—Douglas—Peucker algorithm (RDP) is an it-

erative algorithm that seeks to approximate a planar curve
by a series of line segments. This algorithm is also known
under various names such as Douglas—Peucker algorithm
[5], iterative end—point fit algorithm [9] and split—and—
merge algorithm [6]. The algorithm has found applications
in various areas such as vector graphics processing, carto-
graphic generalisation and robotics.

Algorithm 1 Curve approximation by a series of line seg-
ments using Ramer—Douglas—Peucker algorithm

procedure RDP(X, ε)
X := Ordered list of points that represents the trajec-

tory
n := Number of points in the trajectory
a := Start point of the trajectory
b := End point of the trajectory
d := Array of distances of points in the trajectory from

the line joining a and b
for all i := 1 to n do

d[i] ← distance of ith point in the trajectory from
the line joining a and b

end for

dmax ← maximum of the computed distances

if dmax ≤ ε then
return ( a, b)

else
c is the point on the trajectory that is the farthest

from the line joining a and b, i.e. the point corresponding
to dmax

left ← Left half of the trajectory from a to c
right ← Right half of the trajectory from c to b
return RDP(left, ε)

⋃
RDP(right, ε)

end if
end procedure

A sample reconstruction of a three dimensional curve us-
ing RDP is shown below.

Figure 3: Trajectory reconstruction with RDP for
varying values of ε

As seen from the figure 2.3.1, the algorithm performs
exceptionally well in preserving the shape of the trajectory
with much fidelity.

3. SIMULATION AND RESULTS
A sample dataset was created for the purpose of evaluating

the proposed system model. In order to test the invariance of
interest points, scaled and compressed versions of the videos
were added to the data set. Finally, we perform a compara-
tive study of our proposed system with Dollar’s space time
features [4] and n—sift [3] against these transformations.

3.1 Evaluation dataset
We created an evaluation dataset of 100 videos by choos-

ing videos primarily from the KTH action recognition data
set [10]. For every video taken from the KTH database, the
compressed and scaled versions of the video were also in-
cluded in the evaluation set in order to test the performance
of our method.

3.2 Quantitative Analysis
RDP algorithm gives an ordered list of points (few points

from each trajectory) which we consider as interesting. We
use repeatability as the metric to measure the stability of
these points. Repeatability between two sets of points A, B
is computed as follows:

R(A,B) =
numel(A ∩B))

min(numel(A), numel(B))
(3)

To find the intersection between the two sets, we count
the number of unique matches. Unique match constraint
enforces that a point in one set can be matched to at-most
to one point in the other set.

3.2.1 Effect of scale
Videos in the dataset were scaled to 0.5, 0.75 and 1.5

times their original scale. The repeatability scores for each



scale versus the value of epsilon have been listed in the table
shown below.

There is no clear cut trend that can be observed in the
values of ε versus repeatability. In general, we expect re-
peatability to reduce with increase in ε, but it is not found
to be true. Each scale has a particular ε value for which a
high repeatability is achieved. Further analysis is required
to examine the effect of ε on the repeatability of interest
points in great detail.

XXXXXXXXXScale
Epsilon

0.1 1 3 5

0.5 0.8765 0.9393 0.8543 0.7550
0.75 0.9024 0.9425 0.8977 0.9649
1.5 0.8978 0.9724 0.8495 0.9542

Table 3: Repeatability for different scales and ep-
silons

3.2.2 Effect of compression
Videos in the dataset were subjected to MPEG compres-

sions with 150, 175, 200, 250, 275 and 300 compression ra-
tios. Repeatability scores for different values of epsilon have
been listed in the table below.

In general, as the value of epsilon increases, the repeata-
bility decreases because larger epsilon results in fewer points
being picked, thus reducing the probability of finding an ex-
act match.

hhhhhhhhhhhhhCompression ratio
Epsilon

0.1 1 3 5

150 0.8317 0.8100 0.7549 0.7766
175 0.8183 0.8249 0.8183 0.7728
200 0.8304 0.8135 0.7999 0.7752
250 0.8428 0.8458 0.8193 0.7895
325 0.8619 0.8618 0.8366 0.8131

Table 4: Repeatability for different compression lev-
els and epsilons

3.3 Comparative study
We compare the repeatability score of our algorithm with

the implementations of Dollar’s space time features [4] and
n-sift [3]. The comparisons of the different methods with
different values of ε s are listed in the table shown below.

XXXXXXXXXDetector
Scale

0.5 0.75 1.5

n-SIFT 0.6794 0.5720 0.4447
Dollar’s STF 0.1739 0.3656 0.2274
Our Algorithm 0.8765 0.9024 0.8978

Table 5: Comparison of repeatability under scale
changes with epsilon = 0.1

XXXXXXXXXDetector
Scale

0.5 0.75 1.5

n-SIFT 0.6794 0.5720 0.4447
Dollar’s STF 0.1739 0.3656 0.2274
Our Algorithm 0.9393 0.9425 0.9724

Table 6: Comparison of repeatability under scale
changes with epsilon = 1

XXXXXXXXXDetector
Scale

0.5 0.75 1.5

n-SIFT 0.6794 0.5720 0.4447
Dollar’s STF 0.1739 0.3656 0.2274
Our Algorithm 0.8543 0.8977 0.8495

Table 7: Comparison of repeatability under scale
changes with epsilon = 3

XXXXXXXXXDetector
Scale

0.5 0.75 1.5

n-SIFT 0.6794 0.5720 0.4447
Dollar’s STF 0.1739 0.3656 0.2274
Our Algorithm 0.7550 0.9649 0.9542

Table 8: Comparison of repeatability under scale
changes with epsilon = 5

hhhhhhhhhhhhhDetector
Compression ratio

150 175 200 250 325

n-SIFT 0.5225 0.5090 0.4979 0.4807 0.4525
Dollar’s STF 0.2447 0.2319 0.2797 0.2870 0.1733
Our Algorithm 0.8317 0.8183 0.8304 0.8428 0.8619

Table 9: Comparison of repeatability under com-
pression with epsilon = 0.1

hhhhhhhhhhhhhDetector
Compression ratio

150 175 200 250 325

n-SIFT 0.5225 0.5090 0.4979 0.4807 0.4525
Dollar’s STF 0.2447 0.2319 0.2797 0.2870 0.1733
Our Algorithm 0.8100 0.8249 0.8135 0.8458 0.8618

Table 10: Comparison of repeatability under com-
pression with epsilon = 1

hhhhhhhhhhhhhDetector
Compression ratio

150 175 200 250 325

n-SIFT 0.5225 0.5090 0.4979 0.4807 0.4525
Dollar’s STF 0.2447 0.2319 0.2797 0.2870 0.1733
Our Algorithm 0.7549 0.8183 0.7999 0.8193 0.8366

Table 11: Comparison of repeatability under com-
pression with epsilon = 3

hhhhhhhhhhhhhDetector
Compression ratio

150 175 200 250 325

n-SIFT 0.5225 0.5090 0.4979 0.4807 0.4525
Dollar’s STF 0.2447 0.2319 0.2797 0.2870 0.1733
Our Algorithm 0.7766 0.7728 0.7752 0.7895 0.8131

Table 12: Comparison of repeatability under com-
pression with epsilon = 5



4. CONCLUSION
We have presented a novel method for detection of inter-

est points in videos that can be localised in the temporal
dimension. We have demonstrated how RDP algorithm can
be used to extract key points on the trajectories obtained
by flow based tracking. The repeatability of these interest
points is quite high under various transformations such as
scaling and compression when compared to other popular
methods such as Dollar’s space time features [4] and n-sift
[3].

Further, a robust description scheme for these interest
points needs to be developed for exploring the applicabil-
ity of the proposed scheme in applications such as action
recognition.
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