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M. Ángeles Mendoza

Received: 22 February 2011 / Accepted: 1 August 2012 / Published online: 2 September 2012

� Springer-Verlag London Limited 2012

Abstract Human action recognition (HAR) from images

is an important and challenging task for many current

applications. In this context, designing discriminative

action descriptors from simple features is a relevant task. In

this paper we show that very good descriptors can be build

from simple filter outputs when multilevel architectures

and non-linear transformations are used. We propose a new

multiscale descriptor for HAR from a Pyramid of Accu-

mulated Histograms of Optical Flow. We also show that, in

this case, space–time gradients provide sufficient infor-

mation for the recognition task. Our descriptor is evaluated

on three standard databases of human actions: KTH, We-

izmann and IXMAS. We compare very favorably the

results of our descriptor with the current results for these

three databases from other algorithms. In particular, our

descriptor is directly comparable to the state-of-the-art on

KTH database with an average of 96 % of correct

recognition.

Keywords Human motion � Action description and

recognition � Feature pooling � Optical Flow

1 Introduction

A lot of attention has been given to the task of human action

recognition (HAR) from image sequences in the last years

[32, 36]. Due to the importance of human behavior in many

aspects of life, this task has shown to be very relevant in

very important multimedia applications such as video sur-

veillance, advanced computer interfaces, video annotation,

indexing and browsing [6, 11]. Many different approaches

have been proposed to characterize human actions [32],

ranging from simple holistic ones where the appearance

information of the full image is used to characterize the

action, to the most complex ones fitting sophisticated

human-body models to get a sequence of body poses from

which to identify the action. Nevertheless, the challenge

remains active, mainly due to the difficulty of modelling the

3D variability associated to human actions from 2D images.

More recent approaches combine information from

appearance with structural information provided by pose-

based statistical models [46] or directly with pose-based

geometrical models [38]. These approaches, in addition to

the difficult template initialization step, carry out an

expensive computational effort in the model fitting process.

As reward, an increase in accuracy in the motion estimation

of the human-body parts is obtained. However, to recognize

global human-body behaviors, the approach appears to be

very costly. A simpler alternative is to consider an improved

holistic model extracting features from non-overlapping

regions of the images [12, 24, 45, 54]. However, a relevant

problem in these approaches is the loss of discriminative

power due to the correlations between the feature vector

components when complex features are created.

A common technique in HAR is to stack the image

sequence, along the time axis, generating a 3D block

containing 3D local features defined by the gray-level
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changes associated to the human-body motion. Neverthe-

less, the high variability of the local deformations associ-

ated to the subject’s performance, in addition to the global

changes from different camera viewpoint, makes difficult

to get robust training information from local space–time

events of the 3D volume [10, 21, 23, 40–42, 54].

In the last years, important improvements on descriptor

generation, feature combination and multilayer architectures

for object recognition in still images have been reported [19,

34]. One of the most interesting findings regarding the new

descriptors is the relevant role played on classification tasks

by simple non-linear transformations (NLTs). In Refs. [19,

37, 44], it is shown that the use of some kind of NLTs on the

output of low-level filters improves the recognition score of

simple models to the state-of-the-art on very well-known

databases. This points out that NLTs are needed as a

mechanism of selecting the relevant information eliminating

the correlation between the feature values and improving

their discriminative power.

In the HAR framework, these findings are relevant in

two ways. Firstly, the search of discriminant descriptors

from simpler features is an important goal by itself to

maintain a low processing amount by each image. Sec-

ondly, the identification of good middle-level features from

NLTs of filter outputs precludes the need of searching

complex features fixing the emphasis on the set of

transformations.

In this work, we mainly focus on the discriminative

power of the image motion to recognize 3D motion. In this

way we approach the HAR task under the following con-

ditions: (1) the camera viewpoint is fixed but unrestricted

and the person performs the action freely; (2) the actions

are performed by an isolated actor. The effect of occlusions

has been considered in simulated experiments.

1.1 Contributions of this work

We approach the HAR task from a new action descriptor

based on several steps including normalization and local

NLTs of simple filter outputs. We consider temporal

information as the output of the low-level filters. The

gradients along the time are calculated from the optical

flow (OF). Therefore, dense maps of optical flow from

every two adjacent frames are used in our experiments.

The descriptor is defined as an architecture of five steps

(see Fig. 1): (1) initial transformation [i.e., bounding-box

(BB) cropping and interpolation to fix the image size]; (2)

low-level filtering (e.g., spatial gradient, optical flow); (3)

NLT of the filter output (i.e., normalized histograms of

quantized orientations and magnitudes); (4) aggregation of

the temporal information to extract stable estimations

(i.e., histograms accumulated along time); (5) multiscale

descriptor.

A wide experimental study of our descriptor in terms of

classification performance is carried out on three well-

known databases of video sequences: KTH [42], Weiz-

mann [3] and IXMAS [52]. Comparative results with the

state of the art on these databases are shown in this paper.

The main contributions presented in this work are: (1) a

new focus on the relevance of simple NLTs instead of

complex functions from simple features; (2) a new multi-

scale action descriptor (PaHOF) based on pooling and

NLTs of the low-level filter outputs; (3) an experimental

study evaluating Pyramid of Accumulated Histograms of

Optical Flow (PaHOF) under different assumptions and

comparing its performance with the state-of-the-art results

on the three mentioned databases.

1.2 Outline of the paper

In Sect. 2, we discuss the related works. In Sect. 3, we

introduce a single-scale motion descriptor, Accumulated

Histograms of Optical Flow (aHOF). In Sect. 4, we extend

it to multiple spatial and temporal scales, resulting in a

richer descriptor named PaHOF. In Sect. 5, diverse

experiments of action recognition with aHOF and PaHOF

are carried out on standard databases. Finally, the conclu-

sions are presented in Sect. 6.

2 Related works

In the last decade, different parametric and non-parametric

approaches, to obtain good descriptors for the HAR task,

have been proposed (see for instance [32, 36, 48]). Nev-

ertheless, as it has already been mentioned, video sequence

classification of human motion is a challenging and open

problem, at the root of which is the need of searching for

invariant characterizations of 3D human motions from 2D

image features. In particular, for the camera viewpoint,

motion and type, subject performance, lighting, clothing,

occlusion and background. In the recent years, different

approaches building middle-level (informative) descriptors

from spatial gradients or shape descriptors have been

proposed (see [10, 12, 14, 25, 27, 39, 43]).

Sun et al. [47] present a method to fuse local (i.e., SIFT-

based descriptors) and holistic (i.e., Zernike moments)

information based on frame differencing for HAR. Their

experiments show that whereas local descriptors are more

suitable for some datasets (e.g., KTH dataset), holistic

descriptors are better for other datasets (e.g., Weizmann

dataset). The main drawback of their approach is that it

relies on the computation of frame differencing and it is not

suitable for dynamic backgrounds. Wang et al. [50] carry

out a comparison of different local spatio-temporal features

on three action datasets. There is not a clear winner among
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the evaluated descriptors, but what seems clear for the

authors is that the combination of spatial gradients and

optical flow is a good choice on the evaluated datasets.

They also state the importance of further research of

OF-based descriptors.

Ballan et al. [2] introduce a bag-of-words framework,

where the spatio-temporal volumes are represented by the

combination of 3D spatial gradients and optical flow,

which shows competitive results in HAR. Kovashka and

Grauman [22] propose a method to learn hierarchies of

space–time features to be used in combination with a bag-

of-words model.

The use of the bounding-box covering the person helps

to discard background clutter and allows to include, at

some degree, some geometric information in the motion

descriptors.

The main motivation of most of these approaches fol-

lows the bag of features scheme suggested for object rec-

ognition. That is, a set of space–time interest points are

detected along the image sequence and one descriptor from

a volume around each of them is extracted. Then this

information is combined, using different approaches, to

generate middle-level features which feed a classifier with.

Serre et al. [44], and Pinto et al. [37] inspired in the

behavior of the human visual system, build image features

from simple filter responses followed by non-linear and

pooling operations for object-recognition tasks. In both

cases, they got results in the state-of-the-art on the Caltech-

101 database. In Jarret et al. [19], an experimental study

with different multilayer architectures shows that non-lin-

ear rectifying transformations are the single most important

factors for improving recognition.

Although the above-mentioned HAR-approaches

include some of these steps, they mainly do address the

search of potential middle-level features to feed a classi-

fier with. In contrast with it, here we focus on the design

of powerful action descriptors from the appropriate

combination of a multilevel architecture with some NLTs.

We start building up the 3D image block by cropping and

scaling the bounding-box sequence. We consider this as a

3D image showing a deformable object seen from a

specific viewpoint. It is worthy to note that this case

shows higher variability than the 3D rigid-object-recog-

nition case.

To provide our descriptor with multiscale capability, we

adapt the Pyramid-Match approach [18, 26] to a frame-

work to do matching at different resolutions for object

recognition. To do this, we compute spatially localized

descriptors inside a grid of non-overlapping image win-

dows and accumulate them along the image sequence.

Then, we extend the previous descriptor with multireso-

lution spatial grids.

3 Single-scale descriptor: aHOF

The first step in our design is to characterize a single-scale

motion. We use previous ideas as inspiration [28, 30] but

in a different way.

3.1 Computing aHOF

For each image, we focus our interest on the bounding-box

area enclosing the actor performing the action. This BB can

be computed by following different approaches, for

example, by background segmentation [1, 3], with person

detectors (i.e., full-body [9, 15], upper-body [16]) and/or

person trackers [7, 51].

In our case, for each sequence, the BB is fixed in size to

include all possible arm positions. Next, we interpolate

each BB to a fixed size to get the final sequence.

The optical flow computed from each pair of consecu-

tives frames is represented by a set of orientation � mag-

nitude histograms (HOF) from non-overlapping regions

(grid). Each optical flow vector votes into the bin associated

to its magnitude and orientation. The sequence-descriptor,

named aHOF, is a transformed version of the motion

descriptors accumulated along the sequence.

The main steps of aHOF computation are summarized in

Fig. 2: (1) spatial grid definition inside the BB (Fig. 2a);

(2) HOF computation per cell (Fig. 2b); (3) accumulation

of HOF along time and normalization (Fig. 2c).

Fig. 1 Processing stages of the proposed model. The input data is a

video sequence and the output is a multiscale descriptor of the video

sequence: simple transformation (e.g., frame cropping and scaling);

image filtering (e.g., optical flow computation); non-linear transforma-

tion (NLT) of the data (e.g., histograms of discretized OF); aggregation

of the data (e.g., temporal accumulation of the histograms)
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Let HOFðItÞ be the HOF descriptor of image It in the

sequence, therefore, the (unnormalized) aHOF descriptor

of Nth order (aHOFN) for a sequence of images fI1; . . .; INg
is defined by the following expression:

aHOFNðI1; . . .; INÞ ¼
XN

t¼1

HOFðItÞ ð1Þ

The dimensionality of an aHOF descriptor is the same that

each HOF descriptor in the sequence. In particular, an

aHOF descriptor with L spatial cells, O OF bin orientations

and M OF bin magnitudes, is a compound of L� O�M

elements.

To get invariance on the vector magnitude, we have

tried the following two different transformations.

(1) A normalization of the magnitude values associated

to each orientation bin, independently for each window

histogram (see Fig. 2b). This provides an estimation of the

orientation distribution,

aHOFðl; o;mÞ  aHOFðl; o;mÞ=Clo ð2Þ

where Clo ¼
P

k aHOFðl; o; kÞ, and indexes l; o;m refer to

location, orientation and magnitude, respectively.

(2) A non-linear rectification of each one of the accu-

mulated histograms. We use a sigmoidal function with

parameters tuned per each orientation.

The rectified value rðbiÞ for each input bin-value bi is

defined as:

rðbiÞ ¼ ½1þ exp�b�ðbi�lÞ��1 ð3Þ

where b (steepness) and l (mean) are parameters to be

tuned. The output values will be in the interval ½0; 1�, as

done by the normalization.

In both cases, these transformations have shown to be

very relevant to improve the recognition score.

The algorithm to compute an aHOF descriptor is sum-

marized as follows:

ALGORITHM: aHOF

Input: A sequence INþ1 of images (same dimensions)

where the person performing the action is centered.

Step 1. Compute OF for each pair of frames (It, Itþ1).

Step 2. Compute HOF descriptor (unnormalized) for each

one of the N pairs of frames (It, Itþ1) based on the

computed OF.

Step 3. Compute value of bin ði; j; kÞ in aHOF descriptor

by adding all values (along the sequence) from

bins ði; j; kÞ from the previously computed HOF

descriptors:

aHOFNði; j; k; INþ1Þ  1þ
XN

t¼1

HOFði; j; k; ItÞ

Step 4. Normalize or rectify the bin values (see text, eq. 2

and eq. 3).

An aHOF descriptor represents a summary of the motion

for a N-frames sequence. That is, we compute the aHOF

descriptor of order N for a frame i, taking into account the

N previous frames.

Figure 3 shows the aHOF representation for different

actions in KTH database. The descriptor has been com-

puted from a window of 20 frames previous to the

a b c

Fig. 2 How to compute aHOF descriptor. a BB enclosing person,

with superimposed grid (8� 4). b Top: optical flow inside the

selected grid cell for the visible single frame. Bottom: for that spatial

cell, each column (one per orientation) is a histogram of OF

magnitudes (i.e., 8 orientations � 4 magnitudes). c aHOF computed

from 20 frames around the visible one. Note that in the areas with low

motion (e.g., bottom half) most of the vectors vote in the lowest

magnitude bins (intensity coding: white = 1, black = 0)

Fig. 3 Examples of aHOF for different actions. Along with the video

frames, the estimated optical flow and the aHOF descriptor (order 20)

are shown. Note that the descriptor looks different for the diverse

class actions, but similar for the same class actions. Columns from left

to right correspond to actions: handwaving, boxing and walking.

Here, normalization has been used
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displayed frame. Columns from left to right, correspond to

actions: handwaving, boxing and walking.

3.2 Properties of aHOF

Our descriptor has been designed with the idea of being

independent of the subject appearance and robust to (1)

shifts in the location of the BB, (2) noise estimation of the

OF, and (3) variations in the performance (i.e., velocity)

of the same actions by different individuals. As an

additional property, we aim to make it simple/quick to

compute.

The main difference of our descriptor with others pub-

lished in the literature is that aHOF is based on the

aggregation, inside the region of interest, of the informa-

tion along time. In this way, we take into account not only

the relevant gray-level changes but also the regularities

along time. This contrasts with the representations based on

the extraction of interest points from the volume repre-

sentation. In our case from a single pass on the sequence,

we build the action descriptor. Moreover, since our

descriptor is accumulative along time, it could be used in

online classification processes by adding a stopping rule in

the accumulation stage.

4 Multiscale descriptor

4.1 aHOF at multiple spatial resolutions

In Sect. 3, we have described how to build our motion

descriptor at a single spatial grid resolution. However, the

results reported in Refs. [18] and [5] showed the relevance

of using a multiscale descriptor in order to get higher level

of robustness to noise. In this section, we introduce a

pyramidal representation of aHOF. That is, spatial grids of

different resolutions are defined to describe the same image

window.

Figure 4 represents a pyramid of HOF with three levels

of spatial grid resolution: 2� 1, 4� 2 and 8� 4. At each

cell, a histogram of optical flow (orientation � magnitude)

is computed.

4.1.1 Pyramids of aHOF: PaHOF

A Pyramid of aHOF descriptor can be defined as the

concatenation of L aHOFs descriptors with different spatial

grid resolutions. The histogram normalization is done as in

aHOF, at each level li independently.

PaHOF can be computed in an efficient way if the grid

configurations of the pyramid levels are related by an

integer factor (e.g., �2n, �3n; . . .). We firstly compute the

HOF descriptors at the level with the finest resolution

(e.g., level 8� 4, in Fig. 4). Then, to compute a HOF at a

coarser level (e.g., level 4� 2 in Fig. 4), we can aggregate

the contributions of the N cells at the previous (finer) level

that fall into the current spatial cell.

Note that these steps can be done either before or after

the accumulation along time. However, the histogram

normalization (or rectification) should be done as the final

step.

4.1.2 Baseline: aPM

To compare our proposed descriptors (aHOF and PaHOF),

as a baseline, we define a descriptor based in the pyramidal

representation proposed by Lazebnik et al. [26]. This

descriptor will, hereinafter, be referred as accumulated

Pyramid-Match (aPM).

It contains multiple levels of spatially localized histo-

grams of optical flow (orientation � magnitude bins). Since

the representation in Ref. [26] is intented to be used with

still images, and our aim is to deal with video sequences,

we use the same underlying idea as in aHOF, the accu-

mulation of the histograms along the time.

The computation of aPM descriptor with Lþ 1 levels is

as follows: ALGORITHM aPM

Step 1. At level i, define a spatial grid with Mi � Ni cells.

Step 2. For each cell in the grid at level i, compute a 2D

histogram of OF by quantizing orientation and

magnitude.

Step 3. Apply different weights wl to the bins depending

on the level l. Let l ¼ 0; . . .; L be the level id, and

using the following equation: if level 0, then

w0 ¼ 1=2L, otherwise, wl ¼ 1=2ðL�lþ1Þ.

y

x

Fig. 4 Pyramidal representation of accumulated motion. In this

representation, three levels of spatial grid resolution are used: 2� 1,

4� 2 and 8� 4. At each cell, a histogram of optical flow (orientation

� magnitude) is computed. In the case of PaHOF, levels are not

weighted to define the feature vector, and normalization is done as in

aHOF, at each level independently. In contrast, in the case of aPM,

the different levels are weighted and the normalization is global to the

pyramid
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Step 4. Concatenate all histograms from all levels to

build a vector-wise representation.

Step 5. Accumulate bins along time.

Step 6. Normalize vector values by dividing each element

by the total sum of the elements.

Here as in PaHOF, the image resolution is always the

same, only the spatial grid configuration changes. The main

differences with regard to PaHOF are the use of weights

that depend on the pyramid level and the bin normalization

with a global value.

4.2 Multiple temporal scales (MTS)

Here, we propose two ways of combining motion infor-

mation at diverse temporal scales to analyze its discrimi-

native strength.

A first approach is to concatenate N PaHOFs (with D

dimensions) of different temporal orders to obtain a new

feature vector with N � D dimensions. This descriptor will

contain motion information at multiple spatial and temporal

scales. To reduce the dimensionality of the descriptor, we

tried out two different techniques: PCA and LSH. However

the classification results did not show any improvement.

4.2.1 Bag of PaHOF: BOP

Inspired in the Bag of Words (BOW) representations [4, 31],

we approach a video sequence as a Bag of PaHOFs (BOP).

The idea is to compute PaHOFs of different temporal orders

along the video sequence, and then, to build a histogram of

PaHOFs by previously assigning a cluster identifier to each

of them. The learning algorithm is as follows:

ALGORITHM BOP

Step 1. Compute PaHOF of L spatial levels and (temporal)

order N1;N2; . . . (for example, 10, 15 and 20 frames)

on the training sequences to get a set of F features.

Step 2. Apply K-means to the set F0 to discover the K

centroids that will be used as members of the

codebook B.

Step 3. To represent (encode) a video sequence, assign a

cluster-ID to each PaHOF in the sequence and

build a histogram of cluster-IDs.

Step 4. Normalize the histogram.

We assign each PaHOF computed in the test sequence to

the nearest codebook member using the Euclidean distance

to the centroids. In contrast to our first alternative

approach, the dimensionality of this representation is equal

to the number of clusters.

5 Experiments

We perform a number of experiments to evaluate the

quality of the proposed descriptors. Firstly, in Sect. 5.3, we

carry out experiments to evaluate (aHOF) at a single spatial

and temporal scale. Then, in Sects. 5.4 and 5.5, PaHOF is

evaluated and compared to aHOF.

The set of parameters that defines our proposed

descriptor are: (1) number of OF orientation bins, (2) OF

magnitude intervals, (3) spatial grid configuration. In our

case, these parameters have been empirically fixed using a

grid of values on a validation set (see Sect. 5.2).

5.1 Databases

We test our approach on three publicly available databases

that have been widely used in action recognition: KTH

human motion dataset [42], Weizmann human action

dataset [3] and INRIA Xmas Motion Acquisition Sequen-

ces (IXMAS) [52]. Different results are available on these

databases, therefore, we contrast our results with them.

5.1.1 KTH database

This database contains a total of 2,391 sequences, where 25

actors perform six classes of actions (walking, running,

jogging, boxing, handclapping and handwaving). The

sequences were taken in four different scenarios: outdoors

(s1), outdoors with scale variation (s2), outdoors with

different clothes (s3) and indoors (s4). In general, each

action is repeated by each actor four times in each scenario.

Some examples are shown in Fig. 5. As in Ref. [42],

during the experiments, we split the database in 16 actors

for training and 9 for test.

In our experiments, we consider KTH as five different

datasets: each one of the four scenarios is a different

dataset, and the mixture of the four scenarios is the fifth

Fig. 5 KTH dataset. Typical examples of actions included in KTH dataset. From left to right: boxing, handclapping, handwaving, jogging,

running, walking
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one (hereafter s1234). In this way, we make our results

comparable with others appeared in the literature.

5.1.2 Weizmann database

This database consists of 93 videos1, where 9 people per-

form 10 different actions: walking, running, jumping,

jumping in place, galloping sideways, jumping jack,

bending, skipping, one-handwaving and two-hands waving.

Some examples are shown in Fig. 6.

In our experiments, we report average results by per-

forming leave-one-out on the actors.

5.1.3 IXMAS database

This database contains a total of 14 actions performed by

12 persons three times each and recorded using five

cameras with diverse viewpoints. The action names are:

check-watch, cross-arms, scratch-head, sit-down, get-up,

turn-around, walk, wave, punch, kick, point, pick-up,

throw-over-head and throw-from-bottom-up. Some exam-

ples are shown in Fig. 7.

In our experiments, we report average results by per-

forming leave-one-out on the actors.

5.2 Experimental setup

On each frame, we estimate the region of interest fixing a

BB. We use a simple thresholding method, based on the

one proposed in Ref. [35], approximating size and mass

center, and smoothed along the sequence. BBs proportional

to the relative size of the object in the image, and large

enough to enclose the entire person, regardless of his pose,

have been used (Fig. 2a). All the cropped frames are scaled

to the size of 40� 40 pixels. Then, the Farnebäck’s algo-

rithm [13] is used to estimate the motion vector on each

pixel. The estimated motion gives us an estimation of the

local motion defining the action, the shifting motion has

been already removed by the spatial alignment of the

cropped frames.

For all the experiments, we have empirically determined

the use of 8-bins for orientation and 4-bins for magnitude:

½0; 0:5�; ð0:5; 1:5�; ð1:5; 2:5�; ð2:5;þ1Þ. We consider as

relevant the small motions between frames. We add 1 to all

the bins to avoid zeros.

Different values for the spatial grid were tried out in the

experiments, but eventually a grid with 8� 4 cells was

fixed. Then, the full descriptor for each frame is a

1024-vector with values in the interval ð0; 1Þ.
We train and test with different discriminative classifi-

ers: (1) SVM with radial basis [8], and (2) GentleBoost

(512 rounds) with decision stumps [17]. We also compare

both classifiers with kNN using euclidean distance. Since

this is a multiclass problem, a one-vs-all approach is used

on the binary classifiers. We assign a class label to a full

video sequence by classifying multiple subsequences (same

length) and using a majority voting criterion on the sub-

sequences label.

5.3 Experiment: HAR with aHOF

In these experiments we evaluate the performance of aHOF

(single scale) in terms of action classification. Firstly, we

explore different configurations of the descriptor (i.e.,

spatial grid and accumulated frames). Then, in Sect. 5.3.2,

we investigate whether just one motion descriptor is

enough to classify a video sequence and what is the min-

imum number of frames needed for our descriptor. Finally,

we evaluate the influence of histogram normalization and

rectification (see Sect. 5.3.3) in terms of recognition.

Fig. 6 Weizmann dataset. Typical examples of actions included in Weizmann dataset

1 There are 93 videos instead of 90 since Weizmann’s actor Lena

repeats twice the actions run, skip and walk.
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5.3.1 Grid configurations

For KTH dataset, all the results we show in this experiment

obtained from averaging the results of 10 repetitions of the

experiment with different pairs of training/test sets. For

Weizmann dataset, results are computed by performing

leave-one-out on the actors.

To define the best grid size for aHOF, we have carried

out experiments with three different grid configurations:

2� 1, 4� 2 and 8� 4. Table 1 shows the results on the

KTH dataset and Table 2 the results on the Weizmann

dataset. In both cases, the 8� 4 grid provides good results,

although on the Weizmann dataset, slight better results are

obtained with a 4� 2 configuration. Note that with the so

simple configuration 2� 1 (nearly upper body and lower

body separation), it is able to classify correctly more than

87 % of the sequences of KTH.

Figure 8 shows the location of the features selected by

GentleBoost from the original aHOFs for one of the

training/test sets on KTH dataset. For actions implying

displacement (e.g., walking, jogging), the most selected

features are located at the bottom half of the grid. However,

for those actions where the arm motion defines the action

(e.g., handwaving), GentleBoost prefers features from the

top half. This confirms that our descriptor captured the

relevant information from the motion.

5.3.2 Subsequence length study

Here, we are concerned with two related problems. Firstly,

to determine the minimum number of frames needed to

recognize an action using aHOF. Secondly, to determine the

best length of the subsequences to classify the full sequence

using a majority voting criterion. Subsequences are extrac-

ted every other frame from the full-length sequence and one

feature vector is extracted from each one.

(A) Minimum length To determine the amount of con-

secutive frames that we have to accumulate to recognize a

specific action, we extract blocks of N consecutive frames

(henceforth subsequences) from the full-length sequences.

Experiments on Weizmann Table 3 shows mean classifi-

cation performance (on the repetitions) and confidence inter-

val (at 95 %) for action recognition on Weizmann database.

The reported results come from the average of nine rep-

etitions, following a leave-one-out strategy on the actors.

Fig. 7 IXMAS dataset. Typical

examples of actions and camera

viewpoints included in IXMAS

dataset. Top row: cameras 0, 1,

2. Bottom row: cameras 3 and 4,

plus example of BB

Table 1 Grid configuration study on KTH

Grid 1NN 5NN 9NN

2� 1 87.4 87.5 87.6

4� 2 92.2 92.9 93.3

8� 4 94.0 94.5 94.3

Classification results on KTH with different grid configurations, using

aHOF with k-Nearest Neighbor (kNN)

Table 2 Grid configuration study on Weizmann

Grid Subseqs Seqs

2� 1 87.7 86.9

4� 2 95.3 95.8

8� 4 94.3 91.9

Classification results on Weizmann with different grid configurations,

using aHOF with SVM

Fig. 8 Features selected by GentleBoost from raw aHOF on KTH.

Spatial location of features selected by each class-specific Gentle-

Boost classifier. The lighter the pixel the greater the contribution to

the classification. From left to right: boxing, handclapping, handwa-

ving, jogging, running, walking
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The results indicate that, on average, nearly the 96 % of

the video sequences are correctly classified by just com-

puting a single aHOF descriptor on 15 frames blocks.

These results could explain the behavior of the majority

voting scheme previously observed in the experiment

summarized in Table 5. That is, the set of frames situated

at the beginning and the end of the video sequence, are

probably less-informative than the ones situated at the

center of the sequence. And, therefore, they are contami-

nating the class labels.

Experiments on KTH This experiment is performed on

the mixed scenarios dataset of KTH database. The reported

results come from the average of ten repetitions, where 16

actors are used for training and 9 for testing.

Table 4 shows mean classification performance (on the

repetitions) and confidence interval (at 95 %) for action

recognition. These results indicate that, on average, nearly

the 93.5 % of the video sequences can be correctly clas-

sified by just computing a single aHOF descriptor on 30

frames blocks.

The results on KTH and Weizmann show that this

number of frames lies in the range ½15; 25�. We can also see

in the tables that the confidence intervals on Weizmann are

larger than the ones on KTH. This is probably due to the fact

there are less training samples on Weizmann than in KTH

for each class action. Moreover, Weizmann contains

10-class actions versus the 6-class actions included in KTH.

(B) Optimal subsequence length for majority voting The

results for the second problem are summarized in two

tables.

Experiments on Weizmann For the Weizmann dataset,

our best result is obtained using 30 frames subsequences

(see Table 5).

Nevertheless, and in contrast to the results reported on

KTH, the classification of the full-length sequences using a

majority voting scheme worsens the results. This is due to

several actions with very few training samples, which

introduce a high number of false negatives.

Experiments on KTH In Table 6, we show the classifi-

cation results both for the individual subsequences (i.e.,

classified with GentleBoost) and the full sequences on the

KTH dataset. The results show that for this database,

subsequence lengths between 15 and 25 frames provide the

best classification scores.

Once we have estimated that 20 is an intermediate good

length to compute the motion descriptor, we perform

additional experiments on the different scenarios of KTH

with different classifiers (see Table 7).

Scenario 3 results to be the hardest. In our opinion, it is

due to the loose clothes worn by the actors, and whose

movement creates a great amount of OF vectors irrelevant

to the target action.

Table 8 represents the confusion matrix for the classi-

fication with SVM on the mixed scenarios s1234 (see

Table 7 for global performance). Note that the greatest

confusion is located in action jogging with actions walking

and running. Even for a human observer that action is easy

to be confused with any of the other two.

5.3.3 Parametrized histogram value rectification

In this experiment, a parametrized rectification is proposed

on the histogram bins. Our intuition suggests that different

human motions can be better described using weights on

the orientation vectors. In our case, this means to use dif-

ferent parameters for the orientation bins in Eq. 3. In this

experiment, we consider two cases: (1) common parame-

ters for all histogram bins; (2) different parameters for

subsets of orientation bins.

Experiments on KTH Table 9 contains percentages of

correct classification averaged on ten repetitions, as in the

Table 3 Recognition on Weizmann

N 5 10 15 20 25 30

SVM 71.1; 8.8 81.5; 24.3 95.6; 11.3 94.8; 10.9 92.6; 17.8 94.1; 19.0

GB 52.6; 26.5 64.44; 12.0 85.9; 22.1 87.4; 16.6 86.7; 23.6 85.2; 18.2

The best mean recognition performance per classifier is marked in bold

Mean and confidence interval (at 95 %) of the performance, using N central frames to compute aHOF

Table 4 Recognition on KTH

N 5 10 15 20 25 30

SVM 76.5; 2.3 84.1; 2.0 87.1; 1.6 89.5; 1.3 90.9; 2.0 89.6; 0.5

GB 78.7; 2.2 85.9; 2.3 88.8; 2.3 91.5; 1.8 92.7; 1.6 93.5; 1.7

The best mean recognition performance is marked in bold

Mean and confidence interval (at 95 %) of the performance, using N central frames to compute aHOF
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previous experiments. SVM is used as classifier for the

subsequences and majority voting is used to assign the final

label to the full sequences.

Column Len refers to the number of frames used in the

subsequences. Column Pars contains parameters of the

sigmoidal function (b and l).

Only the best combination of the parameters is shown in the

table, although a coarse grid search on the parameter space has

been performed to tune the parameters of the sigmoidal func-

tion. A finer grid search could eventually rise these results.

Experiments on Weizmann Table 10 contains percent-

ages of correct classification by following a leave-one-out

strategy on the actors, as in the previous experiments. SVM

is used as classifier for the subsequences and majority

voting is used to assign the final label to the full sequences.

Instead of just using a common b parameter for all the

orientation bins, we have experimented with the use of

different b values per subset of orientation bins. We

consider different subsets of orientations. In particular,

0:010�0:005�0:005�0:010 means that b ¼ 0:010 has

been used for the first and second orientation bins, b ¼
0:005 for the third and fourth ones, b ¼ 0:005 for fifth and

sixth ones, and b ¼ 0:001 for seventh and eighth ones.

Note that only the best combinations of the parameters are

shown in the table.

Table 5 Evaluating different lengths of subsequences on Weizmann

Len Subseqs Seqs

GB SVM GB SVM

15 92.0 93.4 92.6 93.3

20 92.8 94.3 91.9 91.9

25 93.9 95.5 91.9 93.3

30 95.8 96.5 94.1 94.8

The best mean recognition performances are marked in bold

Percentage of correct recognition with GentleBoost and SVM on

Weizmann using aHOF. Each row shows the obtained scores for

different length subsequences and full sequences using majority

voting

Table 6 Evaluating different lengths of subsequences on KTH s1234

10 15 20 25 30 Full

Seqs 94.4 94.8 94.6 95.0 94.4 93.7

Subseqs 86.2 89.6 91.9 93.0 93.9 93.7

Classification results with GentleBoost on aHOF vectors using sub-

sequences of different lengths. The row Seqs shows the sequence

classification score using majority voting on subsequences. The row

Subseqs show the score for different length subsequences. Column

Full indicates that all frames of the sequence have been used to

compute a single aHOF descriptor

Table 7 Classifying full sequences (subseqs. len. 20)

Scenario Subseqs Seqs

GB SVM GB SVM

s1 92.6 92.3 95.6 95.1

s2 92.0 90.5 97.1 96.3

s3 89.3 87.4 89.8 88.2

s4 94.2 94.3 97.1 97.6

s1234 91.9 92.1 94.6 94.8

The best mean recognition performance per scenario is marked in

bold

GentleBoost and SVM on KTH using aHOF

Table 8 Confusion matrix on KTH: scenario s1234

box hclap hwave jog run walk

box 98.6 1.2 0.2 0.0 0.0 0.0

hclap 4.9 92.2 2.8 0.0 0.0 0.0

hwave 1.6 0.2 98.2 0.0 0.0 0.0

jog 0.0 0.5 0.0 89.9 6.0 3.5

run 0.0 0.0 0.1 8.3 91.3 0.3

walk 0.2 0.6 0.0 0.2 0.4 98.6

The elements of the main diagonal are marked in bold

Percentages corresponding to full-length sequences. SVM is used for

classifying subsequences of length 20. The greatest confusion is

located in jogging with walking and running. Even for a human

observer that action is easy to be confused with any of the other two

Table 9 Parametrized histogram values rectification on KTH

S Len Pars Subseqs Seqs

s1 20 0.005, 125 90.8 94.3

s1 20 0.05, 125 87.4 91.6

s2 20 0.005, 125 91.0 96.7

s3 20 0.001, 125 88.4 89.2

s4 20 0.001, 125 95.7 97.5

s1234 20 0.001, 125 90.5 93.5

The best mean recognition performance per scenario is marked in

bold

Percentage of correct recognition on KTH using aHOF and SVM

Table 10 Parametrized histogram values rectification on Weizmann

Len Pars Subseqs Seqs

20 0.005, 125 93.9 92.6

20 0.09, 125 87.0 87.4

20 0:010�0:005�0:005�0:010; 125 94.2 94.1

30 0.005, 188 96.0 94.1

30 0:010�0:005�0:005�0:010; 188 96.0 93.3

The best mean recognition performances are marked in bold

Percentage of correct recognition on Weizmann using aHOF and

SVM
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The results show that the choice of individual pairs of

parameters for the case of Len ¼ 20 increases the richness

of the motion descriptor in terms of classification perfor-

mance. In the case of Len ¼ 30, the results improve only in

terms of subsequence classification and just a single b is

valid for all the orientation bins. As in the previous

experiments on this dataset, majority voting does not help

to classify the full-length sequence. Moreover, note that

these results are comparable to the ones reported in

Table 5.

In this experiment, our aim was to study if the central

part of the data distribution was more discriminative than

the tails of it. The sigmoidal-based rectification did the

task. In this case, the results indicate that the data located in

the tails of the distribution resulted to be the most infor-

mative in terms of description. Although the results

achieved by the rectification method are not superior to the

ones offered by the histogram normalization described in

Sect. 3, they lie in the same range and can be seen as an

alternative.

5.3.4 Experiment: importance of the BB

The goal of this experiment is to evaluate the influence of

the bounding-box tracking error on the quality of our

descriptor. This experiment is carried out on KTH dataset

with aHOF 8� 4.

A well-known pretrained pedestrian detector [15] is run

on every single frame of KTH dataset’s videos. The

detection score threshold is fixed to 0. Given a target video,

for each frame, the detection window with the highest

detection score is kept for the subsequent stage. To elim-

inate unexpected shifting in the BB coordinates fðxi; yiÞg, a

smoothing function on 5-frame windows is applied.

Moreover, since the pedestrian detector returns a rectan-

gular BB that typically does not cover the person arms in

actions such as handwaving (see Fig. 9b), the detection

windows are extended to a unified square shape (see solid

green BBs in Fig. 9). Finally, the image areas defined by

the extended BBs are crop and scaled to a 40� 40 pixels

size.

Note that the height (in pixels) of the actors in most of

the KTH videos is lower than the minimum detection size

of the pedestrian detector. Therefore, we rescaled (i.e., 3�)

every single frame before running the named detector.

Then, the BB coordinates were converted to the original

coordinates frame space.

The same evaluation procedure has been followed as

previously done (i.e., ten repetitions). To decouple the

effect of the majority voting stage, we directly perform the

study on the extracted subsequences. In particular, we

report in Table 11 the classification results on subse-

quences of length 20 and 30 frames.

The results of this experiment suggest that the proposed

descriptor is robust to inaccurate estimations of the BB. In

comparison to the results reported in Table 7, in scenarios

1 and 4, the recognition rate on the subsequences is similar

to the results offered by previously used BBs. However, in

scenario 2, the classification performance decreases around

6 %. In our opinion, the hard scale changes widely present

in that scenario have a negative effect on the person scale

returned by the detector. Moreover, we can see in Table 11

Fig. 9 Defining BBs for aHOF using a pedestrian detector. Dashed

red lines are the detector outputs. Solid green lines are the enlarged

regions used as input for aHOF. a Since the person is leaving the

scene, part of the enlarged BB falls outside the image. b Person arms

are outside the detection area. c The detector has returned a wrong BB

scale and portions of body parts are outside the scene (best viewed in

color) (color figure online)

Table 11 Influence of the bounding-box quality on classification

performance

S Len SVM GB

s1 20 91.0 92.5

s1 30 93.8 94.8

s2 20 82.7 85.9

s2 30 85.1 89.0

s3 20 81.9 85.8

s3 30 84.1 88.5

s4 20 94.3 96.6

s4 30 95.7 97.7

The best mean recognition performance per scenario is marked in

bold

Subsequences of Len frames are classified by SVM and GB using

aHOF as descriptor
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that aHOF30 deals with the wrong person detections better

than aHOF20, since the noise is probably better cancelled in

a larger temporal range.

5.3.5 Experiment: effect of partial occlusions

To get an idea of the effect of partial occlusions in the

motion description by using aHOF, we introduce random

black bars in the scenes. We run this experiment on KTH

with aHOF 8� 4 using the previously computed BBs (see

Sect. 5.3.4).

We place black bars at random positions with random

width or height (in a given range). In particular, the pro-

cedure to generate the occlusions is as follows: (1) choose

if the new bar is either vertical (i.e., whole frame height

will be used) or horizontal (i.e., whole frame width will be

used) with equal probability; (2) if the bar is vertical,

choose the initial xini position at random, and, if it is hor-

izontal, choose the initial yini position at random; (3) given

a maximum percentage Pmaxof the frame width or height

(e.g., 20 %), and depending on if the bar is vertical or

horizontal, generate a random bar width or height in the

range ½1;wmax� or ½1; hmax�, respectively.

In our experiments, we have chosen Pmax ¼ 20 and,

therefore, wmax ¼ 0:2 � 160 and hmax ¼ 0:2 � 120.

Figure 10 shows some examples of randomly generated

occlusions on different actions. Note the different orienta-

tions, locations and sizes of the black bars. We have mea-

sured that, in the processed videos, around 78 % of the BBs

are directly affected by occlusion, although in different

degrees. There are cases, as the second one represented in

Fig. 10, where the bar does not overlap even the person BB.

Videos with occlusions were used only during testing

time. For training, clean videos (i.e., without occlusions)

were used. We report results only on the scenarios where the

persons where better localised in the previous experiment

(Sect. 5.3.4), i.e., scenarios s1 and s4, so the results of this

experiment are not much biased by the person detector. We

use the assumption that the person BB can be interpolated in

the frames where the person is occluded by the black bar.

The recognition performances at subsequence level are

reported in Table 12. They suggest that longer subse-

quences (i.e., aHOF30) allow to minimise the effect of

the occlusions. Note that the recognition performance

decreases up to 9 % with regard to the results summarized

in Table 11. This makes sense given some of the examples

represented in Fig. 10 where the discriminative motion is

mostly occluded (e.g., arms in boxing).

5.4 Experiment: Pyramids of aHOF

In the following experiments, we evaluate the performance

of the pyramidal features (PaHOF) in terms of recognition.

The reported results will be compared to the ones achieved

by the single-scale descriptor (aHOF) evaluated in the

previous experiments.

5.4.1 Experiments on KTH

Experiments are carried out on the different scenarios of

KTH and the results are summarized in Table 13. The

Fig. 10 Simulated occlusions on KTH videos

Table 12 Effect of the occlusions on the classification performance

S Len SVM GB

s1 20 80.8 83.7

s1 30 86.6 87.0

s4 20 82.0 84.8

s4 30 85.8 89.3

The best mean recognition performance per scenario is marked in

bold

Subsequences of Len frames are classified by SVM and GB using

aHOF as descriptor

Table 13 Pyramids of aHOF representation: full sequences classifi-

cation results

Scenario Pyram Single

s1 95.9 95.6

s2 97.0 97.1

s3 90.5 89.8

s4 96.8 97.1

s1234 96.0 94.6

The best mean recognition performance per scenario is marked in

bold

Subsequences of 20 frames are classified using GentleBoost and

majority voting is used afterwards. Classification results in column

Pyram are compared to single level representation in column Single

(see Table 7)
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evaluated pyramid of features contains (2� 1, 4� 2,

8� 4) spatial cells of histograms. Reported results are the

average on ten repetitions (training/test).

Slight improvements in performance are detected in

scenarios 1 and 3 (\1 %), in comparison with Table 7.

However, the improvement in the mixed scenarios (s1234)

is 1.4 %, raising our best recognition result up to 96 %.

The confusion matrix for this scenario with PaHOF is

shown in Table 14. Note that the major confusion is

between running and jogging.

Comparison to accumulated Pyramid-Match represen-

tation [26] In this experiment, we compare our proposed

descriptors with the baseline method described in

Sect. 4.1.2. We use GentleBoost (512 rounds) for training/

testing on subsequences of length 20 frames.

Table 15 summarizes the classification results achieved

with the aPM representation. As in aHOF, eight orientations

and four magnitudes are used for quantizing the OF vectors.

As in the previous experiments, percentages reported in the

table are the average on ten repetitions (training/test).

Two different pyramidal configurations are used in these

experiments: pyramid A configuration is (1 � 1, 2 � 2,

4 � 4), therefore, vectors are 672 dimensional; pyramid B

configuration is (2�1, 4 � 2, 8 � 4), therefore, vectors are

1344 dimensional.

Note that the results reported using aHOF (see Table 7)

are superior to the ones achieved with the aPM represen-

tation. If we focus in the mixed scenarios case (s1234),

aHOF (single level) improves on Pyr-B the classification

performance in around 2 %.

Comparison with the state-of-the-art on KTH DB A

comparison of our method with the state-of-the-art per-

formance, on KTH database, can be seen in Table 16. Note

that our descriptors, just based on optical flow, offer a

classification performance comparable to the best result

published up to our knowledge [29] (i.e., 96 %), with the

same experimental setup.

We report results for each scenario trained and tested

independently, as well as the results for the mixed sce-

narios dataset. The result reported by Lui et al. [29]

corresponds to the mixed scenarios dataset, directly

comparable with our s1234. Unfortunately, only Jhuang

et al. [20] publish the individual results per scenario

(here their Avg. score is the mean of the separate sce-

narios). In our case, the mean of the four separate sce-

narios is 94.3 % with SVM and 94.9 % with GB. On the

other hand, the mean of the four scenarios with PaHOF

and GB is 95.1 %.

The bottom rows [27, 28, 41, 53, 55] of the Table 16

contain results on this database but using a different

experimental setup. In particular, one of the best published

results [27] (93.4 % on s1234) uses both shape and motion

features, and also, they use more actors for training (i.e.,

leave-one-out) than us. On the other hand, although the

method proposed by Lucena et al. [28] only uses HOF as

well, their best recognition result, using 24 training actors, is

lower than ours (i.e., 91.1 vs. 96.0 %). These facts highlight

the benefits of using our approach just based on OF.

5.4.2 Experiments on Weizmann

In this experiment, we define pyramids with three levels

and the following spatial grid configuration: 8� 4�4�
2�2� 1. Table 17 contains the classification results

obtained using PaHOF features. The results are the average

returned by leave-one-out on the actors.

Note that with 15 frames, the mean recognition at

sequence level is around 96 % (i.e., 4 out of 93 sequences

are incorrectly classified), and with 30 frames, 98 % at

subsequence level.

If we compare with the results obtained at a single level

(see Table 5), the average improvement is [1 %.

Confusion matrix is shown in Table 18. Note that the

greatest confusion is located in run with skip. Probably,

Table 14 Confusion matrix on KTH with PaHOF: scenario s1234.

box hclap hwave jog run walk

box 99.3 0.6 0.1 0.0 0.0 0.0

hclap 3.6 95.1 1.3 0.0 0.0 0.0

hwave 0.7 0.5 98.8 0.0 0.0 0.0

jog 0.0 0.4 0.0 93.8 3.0 2.8

run 0.0 0.0 0.0 9.8 90.1 0.1

walk 0.5 0.1 0.0 0.3 0.0 99.1

The elements of the main diagonal are marked in bold

Percentages corresponding to full-length sequences. GentleBoost is

used for classifying subsequences of length 20. The greatest confu-

sion is located in running with jogging

Table 15 Accumulated Pyramid-Match representation: full sequen-

ces classification results

Scenario Pyr-A Pyr-B

s1 93.1 93.6

s2 93.8 93.6

s3 89.4 89.4

s4 95.9 96.2

s1234 92.1 92.4

The best mean recognition performance per scenario is marked in

bold

Subsequences of 20 frames are classified using GentleBoost. Majority

voting is used afterwards. Configuration of Pyr-A is (1�1, 2�2, 4�4),

and Pyr-B is (2�1, 4�2, 8�4). On average, configuration of Pyr-B

offers better results that Pyr-A

Pattern Anal Applic (2014) 17:17–36 29

123



due to the fact that both actions imply fast displacement

and the motion field is quite similar. The remaining con-

fusions are between jump and skip, where in both actions,

the actor is jumping forward but the main difference is that

the second one is performed by using just one leg. In this

case, OF is not enough to represent such subtle difference,

which might be disambiguated by adding gradient-based

features (e.g., HOG).

5.4.3 Experiment: training on KTH and testing

on Weizmann

To evaluate the capability of generalization of the proposed

descriptor, we have classified the subset of Weizmann’s

actions that are common to both datasets with classifiers

trained on KTH-s1234. Those actions are: handwaving

with two hands, running and walking.

In particular, we have extracted a total of 573 aHOF/

PaHOF descriptors of order 20 from 29 video sequences

(i.e., the 9 Weizmann’s actors are used).

Each descriptor has been tested with a GentleBoost

classifier trained in the previous experiments (see Sect. 5.3.2

and Sect. 5.4.1). Since the GentleBoost classifiers used in

this paper are binaries, although trained in a one-vs-all

framework, we have got a total of six classifiers (one per

each KTH’s action). Therefore, a subsequence could be

classified as one of the not used classes (i.e., boxing,

handclapping or jogging). Note that class jogging could be

considered to be an action in between walking and running,

although in our opinion it is more similar to running. To

cope with this situation, we have considered three possible

cases: (1) to use just the three relevant binary classifiers; (2)

to use the six binary classifiers; (3) to use the six binary

classifiers but fusing jogging and running labels in one.

Table 19 summarizes the classification results of this

experiment.

Column Features indicates which descriptor has been

used: aHOF or PaHOF. The remaining columns refer to the

three possible situations previously disccussed: 3-classes-

(a), 6-classes-(b), 6-classes-fusion-(c).

We can see that a perfect classification score at sequence

level is achieved in the case of 3-classes using PaHOF.

However, in the case of 6-classes, the recognition score

decreases, since two running sequences are classified as

jogging and one walking sequence is classified as jogging

as well. Note that the KTH’s classifiers were trained in a

finer-grain manner with regard to the actions that imply

displacement. However, the set of Weizmann’s actions

does not contain any in between running and walking.

Note that in this case we are using around 256 KTH’s

training sequences per action (i.e, 16 actors � 4 scenarios

� 4 repetitions) in contrast to the eight training sequences

Table 16 Comparison with the state-of-the-art on KTH

Method s1234 s1 s2 s3 s4 Avg.

aHOF ? SVM 94.8 95.1 96.3 88.2 97.6 94.3

aHOF ? GB 94.6 95.6 97.1 89.8 97.1 94.9

PaHOF ? GB 96.0 95.9 97.0 90.5 96.8 95.1

Laptev et al. [24] 91.8 – – – – –

Jhuang et al. [20] – 96.0 86.1 88.7 95.7 91.6

Fathi and Mori [14] 90.5 – – – – –

Kovashka and Grauman [22] 94.5 – – – – –

Lui et al. [29] 96.0 – – – – –

Lucena et al. [28] 91.1 – – – – –

Zhang et al. [55] 91.3 – – – – –

Schindler and van Gool [41] 92.7 – – – – –

Lin et al. [27] 93.4 98.8 94 94.8 95.5 95.8

Yu et al. [53] 95.7 – – – – –

The results of this paper for scenario s1234 are marked in bold

Column s1234 corresponds to ‘all-in-one’ dataset, and columns s1–s4 show the results per scenario. Avg. column shows the averaged result on

the four scenarios. Symbol ‘–’ indicates that such result is not available

Table 17 Classifying actions on Weizmann with PaHOF

Len Subseqs Seqs

10 93.7 93.6

15 95.4 95.8

20 96.1 95.8

25 96.8 94.7

30 98.1 95.8

The best mean recognition performances are marked in bold

Percentage of correct recognition with SVM on Weizmann using

PaHOF
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used in the previous Weizmann’s experiments. In our

opinion, the results of the current experiment support our

intuition that the low amount of Weizmann’s training

samples makes difficult for our descriptor to achieve a

100 % of recognition in the experiments of the previous

sections (i.e., Sect. 5.4.2).

5.5 Experiment: PaHOF at multiple temporal scales

In the following experiments, our aim is to evaluate dif-

ferent strategies that can be used to combine motion

information extracted at diverse temporal scales.

5.5.1 Bag of PaHOF (BOP)

In Sect. 4.2.1 we introduced a model for combining Pa-

HOF at MTS. Such model is inspired in the BOW one. In

these experiments, we evaluate such approach.

Diverse variants for cluster assignment have been tried

out (e.g., soft assignment) in the following experiments.

However, since the hard assignment has reported the best

results, only those are included in the tables.

Experiments on KTH Table 20 shows the classification

results (avg. on 10 repetitions) on KTH dataset. Column

Len refers to the number of frames used to compute the

descriptors; column Pyr indicates the spatial pyramid

configuration; and, column K-means is the number of

clusters used to define the BOP.

In general, the combination the PaHOFs of different

temporal order in this way does not improve the classifi-

cation accuracy on this dataset. In our opinion, this indi-

cates that the data information is correlated. However, what

seems to be clear is that the number of clusters used to

build the BOP is a crucial point.

Table 18 Confusion matrix on Weizmann

wave1 wave2 jump pjump side walk bend jack run skip

wave1 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

wave2 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

jump 0.0 0.0 88.9 0.0 0.0 0.0 0.0 0.0 0.0 11.1

pjump 0.0 0.0 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0

side 0.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0 0.0 0.0

walk 0.0 0.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0 0.0

bend 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0

jack 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 0.0

run 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 90.0 10.0

skip 0.0 0.0 10.0 0.0 0.0 0.0 0.0 0.0 10.0 80.0

The elements of the main diagonal are marked in bold

Percentages corresponding to full-length sequences. SVM is used for classifying subsequences of length 30 described by PaHOF (3 levels). The

greatest confusion is located in run with skip. Both actions imply fast displacement

Table 19 Training on KTH and testing on Weizmann: recognition results with GentleBoost

Features 3-classes 6-classes 6-classes-fusion

Subseqs Seqs Subseqs Seqs Subseqs Seqs

HOF20 96.7 96.6 95.1 96.6 95.1 96.6

aHOF20 97.9 100 87.4 89.7 91.8 96.6

The best mean recognition performances are marked in bold

The three common classes to both datasets (i.e., handwaving with two hands, running and walking) are used in these experiment to evaluate the

capacity of generalization of the proposed descriptor. Note that a 100 % of recognition is achieved on Weizmann’s sequences using GentleBoost

classifiers trained with KTH’s samples

Table 20 BOP on KTH

Scenario Len Pyr K-means SVM

s1234 10 8� 4 300 93.3

s1234 10, 15, 20 2� 1 4� 2 8� 4 100 91.9

s1234 15 2� 1 4� 2 8� 4 600 92.7

s1234 20 8� 4 100 90.5

s1234 20 2� 1 4� 2 8� 4 100 92.1

The best mean recognition performance is marked in bold

Classification results with BOP and SVM. Column Len refers to

different combinations of subsequence lengths, column Pyr indicates

the combination of spatial grid configurations, and column K-means

shows the number of clusters used
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Experiments on Weizmann Table 21 shows the classifi-

cation results (leave-one-out evaluation) using BOP as

feature vector.

We can see in the table that the best result is 94.1 %,

which is lower than the 95.8 % (see Table 17) previously

achieved with majority voting on individually classified

subsequences.

Discussion This BOW-based approach allows to com-

bine descriptors computed at different temporal and spatial

scales in a simple way, but at the cost of introducing a new

parameter in the model—the number of clusters. Although

the classification results achieved with this model are not

better than the previous ones, they are not very inferior. As

a side effect, with the use of clusters, the final dimen-

sionality of the BOP descriptor is lower than the aHOF and

the PaHOF ones, what could be useful in some applications

for storage purposes and classification velocity.

5.5.2 Joining multiple time resolution PaHOFs

These experiments refer to the approach defined in

Sect. 4.2. In this case, several motion descriptors, com-

puted at different temporal scales, are concatenated to build

a single feature vector.

Experiments on Weizmann Classification results on

Weizmann DB (leave-one-out averaging) are reported in

Table 22.

Column Len indicates the length of the subsequences

(e.g., 5–10–20) concatenated to build the feature vectors,

and column Pyr refers to the spatial pyramid setup.

This model achieves 95.8 % of correct recognition (at

sequence level), what is equal to the best result achieved by

just using PaHOF at a single temporal scale (see Table 17).

This indicates that the proper selection of the temporal

scale is enough to describe the actions in this dataset.

Experiments on KTH Classification results on KTH DB

(averaged on 10 runs) are reported in Table 23.

Column Len indicates the length of the subsequences

(e.g., 5–10–20) concatenated to build the feature vectors,

and column Pyr refers to the spatial pyramid setup.

Note that this result (94.7 %) does not improve the best

one achieved by PaHOF at a single temporal scale (96 %).

This may indicate that this simple information fusion

approach is not suitable for these feature vectors.

5.6 Experiment: action recognition in a multiple view

scenario

This experiment is carried out on IXMAS dataset. In some

papers as [33], actions throw-over-head and throw-from-

bottom-up are considered as a single action class. We

follow the previous criterion as well. As previously done

on Weizmann dataset, the evaluation on this one is per-

formed by following a leave-one-out strategy on the actors.

Therefore, the reported results are the outcome of 12

repetitions.

Since the resolution of these videos (i.e., 390� 291) is

much better than the Weizmann and KTH’s ones, we have

experimented with cropped BB areas of sizes 48� 48 and

80� 80 pixels. We use the per-frame person segmentations

provided by the authors of the dataset to define the BB

needed by our descriptor.

The results are shown in Table 24. As indicated by

column Camera, we have trained and tested on the same

camera. The rows that begin with avg in that column,

reports averaged results on the given cameras. Column

Config indicates the configuration of the PaHOF and the

subsequences length.

We have trained a one-vs-all classifier per class action,

in particular, a SVM with v2-kernel [49].

Table 21 BOP on Weizmann

Len Pyr K-means SVM

5 2� 1 4� 2 8� 4 600 91.6

10 2� 1 4� 2 8� 4 300 94.1

5,10 2� 1 4� 2 8� 4 300 91.4

5,10,20 2� 1 4� 2 8� 4 300 91.4

10,15,20 2� 1 4� 2 8� 4 300 93.8

15,20,25 2� 1 4� 2 8� 4 400 93.6

The best mean recognition performance is marked in bold

Classification results with BOP and SVM. Column Len refers to

different combinations of subsequence lengths, column Pyr indicates

the combination of spatial grid configurations, and column K-means

shows the number of clusters used

Table 22 PaHOF-MTS on Weizmann: recognition results per

sequence with SVM

Len Pyr SVM

5–10–20 8� 4 94.1

5–10–20 2� 1 4� 2 8� 4 95.8

10–20–30 8� 4 94.8

The best mean recognition performance is marked in bold

In this experiment, the feature vectors are built from the concatena-

tion of three PaHOF descriptors of different orders

Table 23 PaHOF-MTS on KTH: recognition results per sequence

with SVM

Scenario Len Pyr SVM

s1234 5–10–20 2� 1 4� 2 8� 4 94.7

The achieved recognition performance is marked in bold

In this experiment, the feature vectors are built from the concatena-

tion of three PaHOF descriptors of order 5, 10 and 20
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To understand better the achieved results, we show in

Table 25 the confusion matrix associated to experiment

s48� 48 len20 8� 4 on camera #2 as an example. On

one hand, the worst recognition rate with camera #2 is

located in point action, which is mostly confused with

actions like cross-arms or check-watch. Such actions imply

subtle movements of the arms. On the other hand, the best

discriminated actions are walk and sit-down.

State-of-the-art on IXMAS Nebel et al. [33] present

recent results on this dataset following the same experi-

mental setup as we do. Three of the evaluated methods in

that paper rely on BBs, as our proposed method does.

Those methods offer an average recognition performance

(i.e., discarding camera #4) of 54, 63.9 and 85 % respec-

tively. In our case, our best result is 73.2 %, which is the

second best comparing with those ones.

5.7 About processing time

To have an idea of the computational performance of the

proposed descriptor, on a state-of-the-art computer2 we

have measured the following times per video frame: (1)

resize of the image enlarged area (around 120� 120 pixels

on KTH) to 40� 40 pixels: 3.1 ms; (2) Farneback’s OF

computation: 6.5 ms; c) HOF 8� 4: 15.9 ms. In addition,

the final step (accumulation plus normalization) to compute

aHOF20 requires 2 ms, what makes a total of 21� 3:1þ
20� ð6:5þ 15:9Þ þ 2 ¼ 515:1 ms for the first aHOF20.

The subsequent ones can reuse information already com-

puted for previous ones. Although the computation of the

BB is not included in the total time, this timing can be

considered real-time. Moreover, since our implementation

is neither carefully optimized nor parallelized, and written

for � Matlab, it should be possible to reduce drastically

this computational time if needed.

5.8 Summary of the experiments

A very complete setup of experiments using the proposed

descriptors has been given. We have shown results on

direct pooling of features at a single scale (aHOF), where

spatial pyramids have been used to introduce spatial

scale (PaHOF). Moreover, PaHOF at MTS have been

tested.

Apart from the very good score obtained on the KTH

database (PaHOF on mixed scenarios 96 %, state-of-the-art

at sequence level) and the other databases (i.e., Weizmann

and IXMAS), new important questions have come up. In

our opinion, one of the most interesting ones is the lack of

improvement when using different combinations of sub-

sequence lengths. This indicates a smoothing effect on the

discriminative information, due to the existence of strong

correlations between features from different levels.

In addition, the results on IXMAS indicate that the

proposed descriptor behaves well with different camera

viewpoints, as long as, such viewpoints have been shown

during training. And surprisingly, the results achieved with

camera #4 (i.e., bird’s eye shot) are not so low taking into

account the small image region that person actually occu-

pies in the scene in that view.

6 Discussion and conclusions

In this paper, we have presented and evaluated a new

model to compute multiscale motion descriptors from

video sequences. In particular, this paper presents motion

descriptors based on histograms of Optical Flow: PaHOF

and its variants.

These descriptors have been extensively evaluated, with

state-of-the-art classifiers (SVM and GentleBoost), on

three public databases: KTH, Weizmann and IXMAS.

These datasets are widely used in the evaluation of systems

designed for HAR.

Table 24 IXMAS dataset: full sequences classification results

Camera Config SVM-v2

cam0 s48� 48 len20 8� 4 71.3

cam0 s48� 48 len30 8� 4 73.7

cam0 s80� 80 len30 8� 4 73.7

cam1 s48� 48 len20 8� 4 67.6

cam1 s48� 48 len30 8� 4 70.9

cam1 s80� 80 len30 8� 4 68.0

cam2 s48� 48 len20 8� 4 76.7

cam2 s48� 48 len30 8� 4 73.6

cam2 s80� 80 len30 8� 4 74.2

cam3 s48� 48 len20 8� 4 71.6

cam3 s48� 48 len30 8� 4 71.8

cam3 s80� 80 len30 8� 4 76.7

cam4 s48� 48 len20 8� 4 65.5

cam4 s48� 48 len30 8� 4 65.7

cam4 s80� 80 len30 8� 4 62.5

avg:0123 s48� 48 len30 8� 4 72.5

avg:all s48� 48 len30 8� 4 71.1

avg:0123 s80� 80 len30 8� 4 73.2

avg:all s80� 80 len30 8� 4 71.0

The best mean recognition performance for the combined cameras is

marked in bold

Trained and tested on the same camera view. Column Config indi-

cates the enlarged BB size, subsequence length and spatial grid used

for aHOF. Bottom rows contain averaged results on the indicated

cameras

2 Intel Core i3 M350@2.27GHz, 4 GB RAM, Matlab 2009b on a

single CPU core.
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Firstly, aHOF is evaluated as a single-scale motion

descriptor. After studying and tuning its parameters

(i.e., OF quantization, spatial grid configuration and sub-

sequence length), two kinds of NLTs of the data are

compared: (1) normalization of the OF magnitude bins per

orientation at each spatial cell, and, (2) rectification of

the data using a sigmoidal function. The results of the

experiments indicate that the first transformation offers the

best results in terms of classification. Although it is not

included in the experiments, as a first approach, we also

evaluated the performance of the global normalization of

the descriptor regardless of the location, orientation and

magnitude bins, but the achieved results were inferior. The

main conclusion of this block of experiments is that the

sole use of Optical Flow as basis of a feature vector is

enough in terms of description of the evaluated human

actions.

Note that this descriptor achieves a 94.8 % of recogni-

tion on KTH-s1234, comparable to the top results on that

dataset (e.g., 94.5 % [22], see Table 16), without the need

of using additional kind of features (e.g., spatial gradients)

as other works described in Sect. 2 do.

Afterwards, we have studied both the importance of the

person BB in the aHOF descriptor as well as the effect of

partial occlusions in the recognition performance. The

results show that aHOF descriptor absorbs well some

amounts of noise introduced by the person detection stage.

In addition, although the descriptor is affected by some

types of person occlusions, it behaves reasonably well in

those situations.

Our first attempt of enriching our motion descriptor was

to combine information of different spatial scales. In this

sense, we proposed and compared a PaHOF with a baseline

method inspired in the Pyramid-Match representation and

adapted to our problem. The experimental results give

support to conclude that the addition of new scales of

information are useful in terms of description of the action,

improving on the single-scale results. Moreover, PaHOF

features performed better than the baseline approach (i.e.,

aPM). At this point, PaHOF achieves a 96 % of recognition

on KTH-s1234, comparable to the state-of-the-art [29] in

that dataset.

In addition, we showed experimentally that our

descriptor has good generalization properties since we

could effectively recognize Weizmann’s video sequences

of actions (common to both datasets) trained on KTH DB

(see Sect. 5.4.3).

Our next step was to study what is the best way to

include in our descriptor temporal information at different

scales. In particular, we proposed and evaluated two

alternatives: (1) a combination of PaHOF of different

temporal scales through a BOW approach (i.e., BOP), and

(2) the direct concatenation of PaHOF vectors computed at

different temporal scales. Although the second alternative

offered better results than the first one, neither of these

approaches helped to improve the results achieved up to

that moment. That behavior might suggest that such

information is highly correlated. In our opinion, this result

along with the previous ones indicates that the combination

of information at multiple spatial scales is more relevant

Table 25 Confusion matrix on IXMAS: cam2

cw ca sh sd gu ta wa wv pu ki po pi th

cw 74.3 11.4 2.9 0.0 0.0 0.0 0.0 2.9 0.0 0.0 8.6 0.0 0.0

ca 8.6 77.1 5.7 0.0 0.0 0.0 0.0 0.0 2.9 0.0 5.7 0.0 0.0

sh 5.9 2.9 67.6 0.0 0.0 2.9 0.0 11.8 0.0 0.0 8.8 0.0 0.0

sd 0.0 0.0 0.0 97.1 2.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

gu 0.0 0.0 0.0 12.1 75.8 0.0 0.0 0.0 0.0 6.1 0.0 6.1 0.0

ta 0.0 0.0 0.0 0.0 0.0 94.1 5.9 0.0 0.0 0.0 0.0 0.0 0.0

wa 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0

wv 8.6 2.9 11.4 2.9 2.9 0.0 0.0 57.1 0.0 0.0 5.7 2.9 5.7

pu 2.9 2.9 0.0 2.9 2.9 0.0 0.0 0.0 60.0 11.4 11.4 2.9 2.9

ki 0.0 0.0 0.0 0.0 0.0 0.0 17.6 0.0 0.0 79.4 2.9 0.0 0.0

po 8.6 14.3 2.9 0.0 0.0 8.6 2.9 2.9 0.0 5.7 48.6 5.7 0.0

pi 0.0 0.0 0.0 8.6 5.7 0.0 5.7 0.0 0.0 0.0 0.0 80.0 0.0

th 0.0 0.0 0.0 0.0 0.0 0.0 2.9 0.0 0.0 2.9 2.9 2.9 88.6

The elements of the main diagonal are marked in bold

aHOF configuration: s48� 48 len20 8� 4. Actions: cw checkwatch, ca crossarms, sh scratchhead, sd sitdown, gu getup, ta turnaround, wa

walk, wv wave, pu punch, ki kick, po point, pi pickup, th throw
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than the one provided by the temporal scales in these

classes of human actions.

The design of these descriptors could allow the develop-

ment of an online action recognition system. That is, once a

new frame comes into the system, the PaHOF descriptor

(unnormalized) could be updated by simply adding the con-

tribution of the new frame, and by subtracting the contribu-

tion of the oldest frame. Therefore, the named classification

of subsequences could be also seen as the classification of

single frames, but taking into account the history of the N

(subsequence length) previously seen frames.

In Sect. 5.7 we include some brief information about

processing time, showing that could be easily used in real-

time problems.

The experiments with temporal multiscale motion

descriptors do not report improvements in comparison with

the single-scale ones. We believe that the main reason for

this fact is the existing high correlation between features

from different scales. In this way, the introduction of a new

decorrelating feature stage in our model will be the goal of

future research.

The results of the final experiments, carried out on a

multiple view dataset (i.e., IXMAS) show that the proposed

method is able to deal with actions viewed from different

cameras as long as those views have been included in the

training data. Fair results are even achieved on the hard

bird’s-eye camera (i.e., cam4) suggesting the good adapt-

ability of the descriptor to free viewpoints.
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