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Abstract

on some inherent property of the video (e.g. start/end
of linear motion), rather than relying on training data.
Unsupervised temporal segmentation could potentially
be applied in many scenarios, including video representation for multimedia retrieval, keyframe analysis,
unsupervised action categorisation, and efficient action
detection. Research on unsupervised temporal segmentation of human actions has been sparse, though there
are some notable recent works [25, 20, 15] that have
utilised this for action clustering.
One of the biggest prerequisites for accurate temporal segmentation of human actions is to accurately
spatially isolate the human from its surroundings. New
and effective person detection methods, and tracking
works such as [18] and [7], mean that it is increasingly possible to get a tight, predictable bounding box
around a person in almost every frame, spatially isolating it from the rest of the scene, and allowing almost
pixel-perfect alignment of the person between frames.
Such tracking can mitigate background noise, translation and scale variations, as well as camera motion –
this facilitates temporal segmentation based purely on
the motion of the human.
In this work, we develop an unsupervised temporal
segmentation method that, due to its efficiency, could
have varied applications in action recognition and action clustering – we propose that it is particularly applicable to surveillance videos. First, we apply an effective human tracker to the human subject, removing any
background noise, as well as compensating for translational and scale variations. Secondly, we apply our
method for unsupervised segmentation to the human
tracks, resulting in a series of sections of self-consistent
linear motion.
We consider the primary application of unsupervised
temporal segmentation to be temporal clustering of human actions, such as in Turaga et al.[20]. However,
as a preliminary measure to prove the effectiveness of
our segmentation method, we integrate it into an ac-

One of the biggest difficulties in human action analysis is the temporal complexity and structure of actions.
By breaking actions down into smaller temporal pieces,
it may be possible to enhance action recognition, or allow unsupervised temporal action clustering. We propose a temporal segmentation system for human action recognition based on person tracking and a novel
segmentation algorithm. We apply optical flow, PCA,
and linear regression error estimation to human action videos to get a metric, L0 , that can be used to
split an action into several more easily recognised subactions. The L0 metric can be effectively calculated
and is robust. To validate the semantic coherence of
the sub-actions, we represent the sub-actions as features using a variant of the Motion History Image and
perform action recognition experiments on two popular datasets, the KTH and the MSR2. Our results
demonstrate that the algorithm performs well, showing
promise for future application in action clustering and
action retrieval tasks.

1. Introduction
While existing research on human action recognition concerns itself primarily with temporally presegmented actions, real-world recognition systems work
with temporally contiguous actions. Many existing
works, such as Kläser et al. [10], take a fully supervised
approach to this problem, training a model to localise
specific actions within a longer video. However, these
techniques require training and prior knowledge of the
actions to be localised. Additionally, the complexity of
this type of localisation scales linearly with the number
of action classes to be found. The goal of unsupervised
temporal segmentation, on the other hand, is to split
a video or track into temporally discrete blocks, based
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tion recognition system. We propose that short temporal segments can be formulated into more effective
features for action recognition than the full action, either by using them as independent features in a model
such as Bag-of-Words or Naive Bayes Nearest Neighbour (NBNN), or by treating them as states in a timesequence model such as Hidden Markov Models. We
prove this hypothesis through experimentation.
The rest of this paper is as follows. Section 2 gives
an overview of works related to this paper. In Section 3
we present our methodology. It is split into three parts,
describing person tracking, temporal segmentation and
action representation respectively. Section 4 details our
experiments on two datasets: KTH and MSR2, demonstrating the validity of our technique. Finally we discuss our findings in Section 5.

and where background subtraction/silhouette extraction is not possible. Recent action recognition works
that rely on bounding boxes of persons include Zhen et
al. [24] who use embedded motion and structure features within the bounding box and Ji et al. [8], which
describes 3D convolutional neural networks for feature
extraction from the person tracks.
Compared to the mature field of person tracking,
however, the temporal analysis and segmentation of
human tracks has seen far less work. Some works, such
as Turaga et al. [20] and Zhou et al. [25], have performed unsupervised human action categorisation from
temporally unconstrained videos – temporal segmentation forms a necessary part of the clustering process –
but these works have not been applied to action recognition, and they are very computationally expensive.
Niebles et al. [17] uses a supervised model to extract
multiscale temporal segments from human actions and
applies this to action recognition. Compared to these
methods, our temporal segmentation method is very
efficient. It is untrained, based on cost-effective algorithms such as optical flow, and can be calculated faster
than real-time on a modern desktop.

2. Literature Review
Action recognition work has historically been divided into that of local and global representations.
Local feature-based methods usually rely on a spatiotemporal interest point detector [4], and then a descriptor (such as HOG3D [9]) to describe the areas
surrounding those points. These local points are then
combined with a statistical representation such as Bag
of Words (BoW), or a structural one such as shape
contexts [6]. These local features have traditionally
shown the most impressive performance on realistic
datasets. Global representations, on the other hand,
have focused on the overall appearance of the action.
An early example of this is the Motion History Image
(MHI) [3]. More recently, global representations have
focused on keyframes and poses, such as the Bag of
Correlated Poses (BoCP) by Wu and Shao [22]. One
more popular line of recent research focuses on keypose
selection [14], where the idea is to select the most discriminative poses from the full action video for action
recognition. These have shown good results on popular datasets such as the KTH [19] and IXMAS [21].
Global representations are typically more sensitive to
noise, however, requiring a tight bounding box around
the region of interest.
With the recent improvement of person detectors,
such as poselets, first published by Bourdev and Malik
[2], and person trackers, such as the recent GMCPtracker by Zamir et al. [18], it is now possible to
get relatively stable human tracks from many action
datasets. Even for more realistic datasets for which
person tracking might not work, such as UCF YouTube
[12], bounding box annotations have been published.
Because of this, it is now also possible to apply global
representation methods even to videos that have significant ego motion, scale and translation variations,

3. Methodology
Our method consists of several parts. Firstly, a
poselet-based tracking method is applied to spatiotemporally localise human tracks within the video.
Each human track is then split into sub-tracks at points
of discontinuity in linear motion, and each sub-track
is represented using a descriptor based on a modified
Motion History Image. Finally each action is classified
using these descriptors with NBNN. We describe each
of these processes in detail below. A system diagram
is shown in Figure 1.

3.1. Person Tracking
For our action representation method to be effective,
we first require an accurate person tracker to isolate the
person from the rest of the scene, and to spatially align
the person in each frame, thus mitigating background
motion and scale variations. We implement a simple
tracking method based on poselet detection. Poselets
are a relatively recent innovation that have so far been
applied largely to person detection in images, and have
proven quite reliable in a variety of conditions. Here,
we apply them in the context of person tracking.
The localisation method is simple. We first preprocess the grayscale video with a 2D Gaussian filter
to reduce noise at every frame. Then, we apply a horizontal and vertical Prewitt filter, summing the filtered
images together to get an edge intensity image. We
have found experimentally that this pre-processing im2
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Figure 1. A system diagram capturing the main stages of our action recognition system.

3.2. Motion Segmentation

proves the reliability of poselet detection, particularly
in low-contrast videos. We then perform poselet detection at every frame, using the code provided online
[2].

We now wish to break the human track up into temporal segments, each roughly corresponding to a single linear motion performed by the actor. In an action recognition setting, we predict that short temporal segments will be more rate and view invariant than
complete actions, and therefore, combined with an appropriate classifier (such as AdaBoost or NBNN) they
may give higher accuracy. We also predict that linear motion segmentation will be particularly effective
in classifying repetitive or cyclical actions – the action
will be split into temporal segments at the same points
in the cycle, ensuring temporal alignment between each
segment.
In order to find discontinuities in linear motion we
consider the most significant motion gradient of the
human track. Given a human track h of static height
and width, we first extract a series of difference images
d: di = hi+1 −hi . We extract the optical flow from d in
the x and y directions between every pair of adjacent
frames, to get optf x and optf y. To calculate optf x
and optf y we use the Lucas-Kanade algorithm [16],
as it provided the best efficiency and accuracy tradeoff in preliminary tests. We concatenate the pixels of
each frame of the track into a time-series of 1D vectors,
and perform Principal Component Analysis (PCA) on
these vectors, discarding all but the first 2 principal
components, so we get P = {p1,i p2,i ; i = 1, ..., t}, where
t is the number of frames in the optical flow. We predict
that P corresponds to the most significant motions in
the video.
The next step is to look for linear discontinuities in
time-series P . The R2 statistic is a measure of how well

After poselet detection, we take several postprocessing steps to establish a smooth human track.
All detected poselets are thresholded by their score to
remove inaccurate detections – the threshold τ is static
and set empirically. As multiple actors may be present
in a scene, we associate different bounding boxes in
separate frames into proto-tracks using the KLT pointtracks method described in Everingham et al. [5]. Certain proto-tracks may have missed detections in some
frames. We manage this using interpolation. If there
is a detection gap of f frames or less between 2 detections, we linearly interpolate the x, y, width, and
height values of the bounding boxes separately to estimate the person’s position in the missed frames. If
there is a gap longer than f frames, we assume that
the person is out-of-shot or otherwise occluded, and
do not interpolate. We discard any very short tracks
of 5 frames or less, as short tracks are more likely to
be noisy or contain no useful motion information. Finally, the width and height of the track are increased
by 20% in every frame, to ensure that the whole person
is captured – this is to compensate for the poselet detector potentially missing an out-stretched arm or the
feet of the actor. While our method is simple, we find
it is effective for the datasets in our experiments. For
more realistic datasets, a different solution might be
considered.
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a regression model matches the observed data, so it is
possible to get a measure of linearity at every point Pm
in P by calculating the R2 statistic of a simple linear
regression model on a temporal window of P , centred
on Pm . In this model, Pi , i = m − w, ..., m + w are
the data points of the regressors p1 and p2 , and y =
m − w, ..., m + w is the dependent variable, where w is
a parameter defining the size of the temporal window.
We set:
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We then apply orthogonal decomposition to X in
the normal fashion to get the regression co-efficients β
and the predicted values fi :
1
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From our observed values yi and predicted values
fi we can calculate the R2 statistic at each time m to
give a measure of how well the linear model matches
the data at every data point. A higher value for R2
corresponds to greater local linearity:

3.3. Representation/Recognition

P
(yi − fi )2
R2 = 1 − Pi
2
i (yi − y)

(3)

We now describe the representation of the spatiotemporally localised motion segments for classification.
We use a variation of the Motion History Image (MHI)
for this purpose. The MHI is particularly compatible with our method for two reasons. First, the accurate spatial localisation given by the poselet person tracker removes all scale and translation variations
from a person’s motion that could potentially distort
an MHI. Second, temporal segmentation mitigates spatially overlapping motions. In a full action – particularly cyclical or repetitive actions – motions may spatially overlap, but MHIs can only record the most recent motion in a pixel. If the MHI captures the full
action, therefore, it will lose potentially salient information. However, as each temporal segment in our
model only has a short linear motion, motion overlap
within a segment is minimised, making the MHI a good
choice for representation.
Our variation of the MHI is simple. Given a temporal segment v, each frame is scaled to 100x100, so

where y is the mean of the observed data.
We then get a degree-of-linearity time series L =
Lm,w ; m = 1, ..., t where Lm,w is the R2 statistic for a
linear regression around every time point m, with window size w. However, L is not sufficient for accurate
temporal segmentation, as in practice the R2 statistic
is highly dependent on w. If w is too small, then L
will be noisy – a single outlier could have a strong local effect. If w is too large, however, rapid changes in
linear motion will be averaged out and fast actions will
not be segmented correctly. One potential solution is
to calculate L for every point m for the range of values
of w, which we term W , and get an average for M over
all W :

0

L =

(w∈W
X

)
sLm,w ; m = 1, ..., t, s ∝ w

We use weights proportional to w, rather than a
simple mean. This is to offset the following: as w grows
larger, the average value of M tends to decrease. If
we use a simple mean, therefore, larger values of w
will be under-represented in L0 . In our experiments we
set W = [2, 20]. When the temporal window overlaps
the start or the end of the track, we use a symmetric,
mirror-reflected border to get the missing values.
L0 can be used directly to perform motion segmentation. The local minima in L0 correspond to the break
points in linear motion. Local maxima in L0 , alternatively, correspond roughly to the central frames of the
linear motions. The effectiveness of this method can
be seen in Figure 2, which shows the graph of L0 as
applied to two simple cyclical actions from the KTH
dataset, handwaving and boxing. The boxing example
consists of many fast, short, linear actions, with abrupt
changes, whereas the handwaving example has slower,
longer actions. These patterns are reflected clearly in
the sinusoidal patterns of the L0 graphs.
We choose to perform segmentation in two ways to
get overlapping temporal segments. We segment between the local minima of L0 . In this manner, each
segment contains a single linear motion. We additionally segment between the local maxima of L0 , so each
segment contains a transition from one linear motion
to another. We denote these two groups of segments
Sl and St respectively. We combine Sl and St in our
experiments, as both together perform better than either does alone – together, they capture more of the
structure of the action.

(4)
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Figure 2. L0 applied to two KTH dataset videos, one for boxing and one for handwaving. The peaks of the graph occur in
the middle of a linear motion. The valleys occur as the actors’ arms change direction.

every MHI will be the same size. We first get a dif-we apply our system to the KTH [19] and MSR2 [23]
ference video: vi0 = |vi+1 − vi|. All of the pixels of v 0 datasets, which, like in surveillance videos, include a
are thresholded to get a binary video v 00 – 1 is set forstatic viewpoint and upright body poses.
pixels above the threshold, 0 is set for pixels below the
threshold. The threshold is set dynamically for each v 0 4.1. Setup
to one standard deviation above the mean pixel value.
From this binary video, the MHI is calculated as per KTH Dataset: This dataset [19] has been per[4]. Each MHI is reduced by PCA to an N -dimensionalhaps the most popular human action dataset for several
vector, and these vectors are then used as features foryears, and as such sees very high accuracies. The acclassification.
tions are single subject, and from a single view point. It
At this stage, there are several possible models to forincludes scale, clothing, and setting variations. To test
classification, including Bag of Words for efficiency, oron this dataset, we use the popular leave-one-personHidden Markov Models to capture the temporal struc-out cross validation method: our model is trained on
ture between our MHI features. In our experiments, weall but one actor’s actions, and then the model is tested
have opted for NBNN classification due to its superioron the left-out actor’s actions. This process is repeated
performance compared to the traditional Bag of Wordsfor every model in the dataset, and the results averaged
[1], and its relative simplicity. Further work could in-over every run.
vestigate the use of temporal representation models in MSR2: This dataset [23] consists of 3 action classes
conjunction with L0 segmentation.
(boxing, handwaving, handclapping) recorded around
a college campus by different actors. There is consid4. Experiments
erable background noise, and movement during each of
In this section we detail the setup and results of ourthe actions. There are 203 actions in total, recorded
experiments. The goal of our experiments is to vali-across 54 different scenes. Here we apply leave-onedate that our novel temporal segmentation algorithmscene-out cross validation.
can split an action in semantically meaningful tempo- For each experiment, we first convert each video in
ral segments. We show this by demonstrating that ourour datasets to grayscale, then perform person tracking
temporal segments can be used to perform accurateas described above. The poselet code is taken from [4],
recognition – however, we are not concerned with theand is run using the default parameters. We perform
more complex datasets such as the HMDB [11] or UCFtemporal segmentation using a variety of methods for
YouTube [12] – these contain unusual body poses un-comparison as described in Section 4.2. We then reprelikely to be detected by our human tracker, and maysent each temporal segment using our enhanced MHI
be too noisy for the temporal segmentation to workand perform classification using NBNN. Our experiwell. We propose that our temporal segmentation willmental machine has two Intel Xeon E5630s, 24GB of
find the most practical use in the unsupervised analysismemory, and runs 64-bit Ubuntu. All of our code is
of humans in surveillance videos. With this in mind,written in MATLAB for simplicity.
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Figure 4. MSR2 dataset: action class confusion matrix

Method
L0 Seg.
No Seg.
Uni Seg.
Uni Seg.
Uni Seg.
Uni Seg.

Figure 3. KTH dataset: action class confusion matrix

Method
L0 Seg.
No Seg.
Uni Seg. (x = 10)
Dollar et al. [4]
Zhen et al. [24]
Liu and Shah. [13]

Accuracy (%)
95.5
89.7
92.2
81.2
93.3
94.2

(x = 3)
(x = 6)
(x = 9)
(x = 12)

Accuracy (%)
94.6
75.4
92.1
89.7
87.2
86.2

Table 2. MSR2 dataset: comparison of various methods

5. Discussion
In this paper we have introduced a temporal segmentation method. We have detailed the creation of the L0
metric, and how to use this L0 metric to break an action into sections of discrete linear motion. Through
our experimentation on human action recognition we
have demonstrated that our L0 metric can be used to
split an action up at consistent points, and that the
motion segments can be used in combination with an
MHI+NBNN classifier to achieve superior action recognition performance. The efficient and accurate temporal segmentation offered by L0 can now be applied in
fields other than action recognition, such as to improve
action clustering or localisation tasks. Our work could
be particularly useful in temporally unconstrained action clustering, where it is often necessary to first temporally segment the action in an unsupervised fashion.
Splitting human tracks into linear motions may also
reduce the complexity of localisation methods, as detections can be made at the motion-level rather than
the frame-level.
One significant area for improvement in future work
would be to improve our system’s applicability to noisier multimedia datasets. Although we envisage that
our system, in its current form, can already be applied to real world surveillance videos, the reliance on
accurate person tracking makes our system less suitable for multimedia videos such as those found on
YouTube. However, as person trackers/spatial segmentation methods grow more robust, it may be possible to

Table 1. KTH dataset: comparison of various methods

4.2. Results
We show our results for various methods of temporal segmentation for the KTH dataset in Table 1. We
considered L0 based segmentation, uniform segmentation (each track is divided into sections of x frames,
where x is chosen to optimise results) and no segmentation. It is clear from this that L0 based segmentation gives a better result than any other considered
temporal segmentation methods. We also compare our
method with several other recent works, showing that
our method rivals the state-of-the-art. Figure 2 shows
a confusion matrix of the actions - we can see here that
the most confused actions are jogging and running, and
to a lesser extent, walking. This is expected, as these
actions are very similar and difficult to distinguish between.
In Table 2 we show our results for the MSR2 dataset,
for L0 based segmentation, uniform segmentation (for
varying x) and no segmentation. We can see the results here are similar. While it is a more challenging
dataset, our temporal segmentation algorithm gives a
clear advantage over no temporal segmentation or uniform temporal segmentation. The confusion matrix is
shown in Figure 4.
6

extend or modify our method to work on noisier data.
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