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Local image features in space-time or spatio-temporal interest points provide com-

pact and abstract representations of patterns in a video sequence. In this paper, we pre-
sent a novel human action recognition method based on multi-velocity spatio-temporal 
interest points (MVSTIPs) and a novel local descriptor called motion energy (ME) ori-
entation histogram (MEOH). The MVSTIP detection includes three steps: first, filtering 
video frames with multi-direction ME filters at different speeds to detect significant 
changes at the pixel level; thereafter, a surround suppression model is employed to rectify 
the ME deviation caused by the camera motion and complicated backgrounds (e.g., dy-
namic texture); finally, MVSTIPs are obtained with local maximum filters at mul-
ti-speeds. After detection, we develop MEOH descriptor to capture the motion features in 
local regions around interest points. The performance of the proposed method is evaluat-
ed on KTH, Weizmann, and UCF sports human action datasets. Results show that our 
method is robust to both simple and complex backgrounds and the method is superior to 
other methods that are based on local features. 
 
Keywords: motion energy, surround suppression, multi-velocity spatio-temporal in-
terest points, motion energy orientation histogram descriptor, bag-of-words 
 
 

1. INTRODUCTION 
 

Recognizing human activities from video sequences has become a hot topic in com-
puter vision because of its wide range of applications such as event analysis, action un-
derstanding, and intelligent surveillance [1]. In recent years, many methods [2-16] have 
shown good performance. These methods can be classified into two groups according to 
features: methods based on global features [2-8] and methods based on local features 
[9-16]. However, these two categories face the same challenge induced by complex and 
dynamic backgrounds.  

To solve this problem, methods based on global features generally introduce a pre-
processing step to mark the action region or segment the foreground from the back-
ground according to the content of video sequences. Bregonzio et al.[16] adopted frame 
differences and pedestrian tracking for the Weizmann and KTH datasets, respectively. 
For datasets with complex backgrounds (e.g., UCF sports), human detector [2] was em-
ployed because the action region is difficult to mark. Global features such as motion de-
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scriptors [3, 5], combined local–global optic flow [6], and space–time shape [7]were 
then extracted to describe actions. These methods have high accuracy when processing 
video sequences with static and simple backgrounds. However, a good result of fore-
ground segmentation is important and difficult to recognize. Therefore, manual calibra-
tion is necessary to cope with complex conditions such as multiple views, camera mo-
tions, and dynamic backgrounds.  

Compared with the above methods, methods based on local features [9, 10, 15, 17] 
are robust and generalized for action recognition with the help of interest point detection. 
However, the recognition accuracy of methods based on local features is usually lower 
than the recognition accuracy of methods based on global features.  

In this paper, we propose a novel and robust action recognition approach based on 
multi-velocity spatiotemporal interest points (MVSTIPs) and a novel local descriptor 
called motion energy (ME) orientation histogram (MEOH). First, we utilize mul-
ti-direction ME filters [18] that are tuned to different velocities to detect significant 
changes in space and time at the pixel level. Second, a surround suppression model is 
employed to rectify the ME deviation caused by camera motion and complicated back-
grounds. Third, unlike previously proposed methods, MVSTIPs at various speeds are 
detected by local maximum (LM) filtering. Thereafter, we develop MEOH descriptor to 
capture motion features in local regions around MVSTIPs. Finally, a bag-of-words 
(BoW) framework is applied to implement the training and testing for human action 
recognition. 

The main contributions of our work are summarized as follows: 
(1) Biologically motivated motion detection algorithms (i.e., filtering with mul-

ti-direction ME filters at different speeds) are introduced to detect spatio-temporal 
events. 

(2) The surround suppression model is introduced to reduce redundant and false de-
tection points in the texture region. Our spatio-temporal interest point (STIP) detector 
performs better than existing STIP detectors [17, 19], such as the 1D Gabor detector 
[13]. 

(3) MEOH descriptor is developed to capture distinguishing motion orientations in 
local regions around spatio-temporal interest points.  

Based on the above work, the proposed human action recognition method is adaptive 
to various conditions, such as low contrasts, moving cameras, and dynamic backgrounds. 
The robustness and generality of the proposed method can be proven by obtaining high 
performance on the three public human action datasets, namely, KTH, Weizmann, and 
UCF sports. 

The rest of the paper is organized as follows. Section 2 introduces the related works. 
Section 3 presents the MVSTIP detection method and MEOH descriptor. Section 4 pre-
sents our experimental results. Finally, Section 5 concludes. 

2. RELATED WORKS 

Generally, methods based on global features are more accurate under simple condi-
tions with static backgrounds and fixed viewpoints. However, perfect foreground seg-
mentation cannot be implemented easily in reality. By contrast, methods based on local 
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features are robust and generalized for action recognition because they focus on the local 
information of actions. Thus, actions are analyzed by a collection of local patterns in-
stead of global features such as shape, appearance, or silhouette [2-8].  

Methods based on local features detect interest points or regions that are informa-
tive and descriptive. These methods capture local features before learning a recognition 
model. These methods contain four principal steps: interest point detection, feature de-
scription, model learning, and classification.  
(1) Interest point detection 

A large number of STIP detection methods have been proposed. Laptev 
[19]extended the Harris corner detector into 3D and extracted scale-invariant STIPs. 
However, the computation is expensive, and the results are sparse. Chakraborty [20] 
combined the Harris detector and surround suppression to detect STIPs. This combined 
method is selective; thus, most informative STIPs are retained. Dollar [13] developed a 
method that uses a pair of 1D Gabor filters on the temporal domain. This method is very 
popular in action recognition because of its high performance and low computation. 
Brengonzio [16] introduced a 2D Gabor filter-based detector. However, this method 
works well only for simple and static backgrounds. Inspired by a 2D speeded-up robust 
features (SURF) detector [21], Willems [17] proposed a dense and scale-invariant detec-
tor based on 3D Hessian matrix.  
(2) Feature description 

In most methods based on local features, volumetric descriptors have been empha-
sized to improve computational efficiency and increase recognition accuracy. Dollar [13] 
designed and tested many volumetric descriptors including normalized brightness, gra-
dient, and windowed optical flow. Niebles [15] calculated the brightness gradients of 
volumetric descriptors in the x, y, and t directions instead of more complex descriptors to 
obtain a descriptor for each spatiotemporal cube without increasing computational com-
plexity. Laptev [12] detected local structures in space-time, where image values have 
significant local variations in both space and time, estimated the spatiotemporal extents 
of detected events, and computed the scale-invariant spatiotemporal descriptors of such 
events. Given the success of the scale-invariant feature transform (SIFT)[22], Scovanner 
[9] proposed a new descriptor named 3D SIFT to capture vital temporal information that 
cannot be obtained by 2D representations. Klaser [10] presented a 3D HoG-like de-
scriptor that can be computed for arbitrary scales and is concentrated on the 
sub-histograms of 3D gradients in local regions. Knopp [23] extended the SURF [21] 
descriptor into 3D domains that can be considered speeded-up versions of 3D SIFT. 
(3) Model learning and classification 

 The BoW model has been widely used in methods based on local features[9, 10, 
15]. Many other recognizing models have also been successfully applied. Naïve–Bayes 
mutual information maximization is used as a discriminative pattern matching criterion 
in Yuan’s action detection and recognition system [24]. Guha [14]used the orthogonal 
matching pursuit and K-singular value decomposition to investigate three overcomplete 
dictionary learning frameworks. Rich and compact dictionaries are learned by a series of 
local descriptors. 

The support vector machine (SVM)[25], hidden Markov model [26], and k-nearest 
neighbors [27] are widely used because of their efficiency and quickness in the classifi-
cation stage. Topic model-based methods, such as probabilistic latent semantic analysis 
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[28] and latent Dirichlet allocation [29], are also applied to categorize action because of 
the high flexibility of these generative graphical models [15]. 

3. MVSTIP DETECTION AND FEATURE DESCRIPTION 

The BoW model is adopted to implement human action recognition, learn different 
action classes in training video sequences, and apply the learned model to perform action 
categorization in query video sequences. In this paper, we focus on the spatio-temporal 
interest point detector and descriptor because of their importance in BoW methods. On 
one hand, STIPs are extracted as the most descriptive points with significant local varia-
tions in time and space. On the other hand, the description of STIPs should be meaning-
ful enough to distinguish different motions. Our purpose is to avoid false detection and 
redundant detection, as well as maintain appropriate descriptions. 

The flowchart of our approach is shown in Fig. 1. The proposed method is com-
posed of two steps: training and testing. We separate video sequences into training and 
testing sets. MVSTIPs are detected for different types of actions in the training set, and 
MEOH features are exacted. Thereafter, we cluster the training data (MEOH features) by 
using the k-means algorithm and Euclidean distance as the clustering metrics. Each clus-
tering center is called a codeword, and the collection of all centers forms a codebook (or 
vocabulary). Thereafter, each MVSTIP is assigned an index of the unique closest code-
word to represent a training video as a collection (i.e., histogram of indices) of spatio-
temporal words from the codebook. Each testing video can be processed in the same 
manner and can be represented as a collection of spatio-temporal words from the code-
book. Finally, we use LibSVM with RBF kernel [25] as a classifier to train and recog-
nize videos that contain actions. The histograms are normalized before the training and 
testing of the model. When a query video arrives, we can input the video representation 
into LibSVM to obtain the action category.  

 
Fig. 1. Flowchart of the proposed approach. 

 
In the following, we describe the MVSTIP detector (Sections 3.1, 3.2, and 3.3) and 

MEOH feature descriptor (Section 3.4) in detail. 
 

3.1 ME Responses 
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The proposed detector is inspired by Petkov’s research [18], which focuses on the 
orientation and speed tuning properties of the spatio-temporal 3D Gabor and ME filters 
as models of time-dependent receptive fields of simple and complex cells in the primary 
visual cortex (V1). We believe that our visual perception of human actions in video se-
quences also follows the same mechanism because we observe that the pixels move at 
multi-speeds in various directions in the human region. For example, the limbs move 
faster than the head and body and the hands shake up and down while walking. Thus, we 
need a bank of filters at various speeds in different directions to detect the motion. 

A 3D Gabor filter function is shown as follows:  
2 2 2 2
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where v  is the preferred speed, l  is the preferred spatial wavelength, q  is the pre-
ferred direction of the motion and preferred spatial orientation of the filter, and j is the 
phase offset that determines whether the kernel is symmetric or anti-symmetric. g  is 
the spatial aspect ratio that determines the spatial symmetry of the function, s  is the 
deviation in spatial domain, and cv  is the speed in which the center of the spatial 
Gaussian envelope moves along the x ¢  axis. A Gaussian distribution with a mean tm  
and standard deviation t  is applied to model the change in intensities of the excitatory 
and inhibitory lobes of the receptive field with time. The unit step function ( )U t  en-
sures that the filter is causal and considers inputs only from the past. According to liter-
ature[18], 2.75t = , 1.75tm = , 0.5g = , 22 1 vl = + , and 0.56s l= . 

When a 3D signal ( , , )l x y t arrives, 3D Gabor responses are computed by convolving 
the signal with the 3D Gabor kernel (Equation 2). 

, , , ,( , , ) ( , , ) * ( , , )v vr x y t l x y t g x y tq j q j= .           (2) 
ME denotes the phase insensitive response obtained by the quadrature pair summa-

tion of the responses of two filters with a phase difference of / 2p . 
2 2

, , ,0 , , /2( , , ) ( , , ) ( , , )v v vE x y t r x y t r x y tq q q p= + .                  (3) 
ME filters are sensitive to motions at multi-speeds in various directions in video se-

quences. Thus, ME filters can be used to detect spatio-temporal interest points. Fig. 3(b) 
shows the ME responses normalized for visualization in different directions. We observe 
significant changes in video frames at all speeds. 
 
3.2 Surround Suppression Model 
 

Generally, we take no interest in texture areas and complex backgrounds. However, 
the ME responses in these areas are high, and the results are coarse and inaccurate (Fig. 
3(b)). Therefore, a subtractive linear mechanism [18] followed by non-linear half wave 
rectification (named surround suppression model) is employed to overcome the above 
drawbacks. The inhibition term and surround suppressed ME are computed by using 
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Equations (4) and (5), respectively: 

1 2, , , , ,( , , ) ( , , ) * ( , , )v v v k kS x y t E x y t x y tq q qw= ,        (4) 

, , ,( , , ) | ( , , ) ( , , ) |v v vE x y t E x y t S x y tq q qa += - ,       (5) 

where a  controls the strength of surround suppression. , , 1, 2( , , )v k k x y tqw  is defined as the 
surround suppression weighting function, which is implemented by Equations (6), (7), 
and (8).  
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where 1k  and 2k  determine the spatial inhibition range. The visualization of the sur-
round suppressed ME response calculation is shown in Fig. 2.  

(a) (b) (c) 
Fig. 2. Schematic of the effect of the surround suppression operator: (a) ME response; (b) inhibi-

tion term; (c) surround suppressed ME response. 
/2q p=0q = q p= 3 /2q p= /2q p=0q = q p= 3 /2q p=

1v =

2v =

3v =

4v =

 
Fig. 3. ME responses and surround suppressed ME responses at multi-speed in different directions: 

(a) original video from UCF sports database; (b) ME responses at multi-speed in different 
directions; (c) surround suppressed ME responses at multi-speed in different directions. 

By using the surround suppression model, ME responses around the cubic center are 
reserved, whereas ME responses in farther surround are suppressed. The ME responses 
of the texture area are significantly decreased to separate the motions easily from the 
background. Surround suppression is effective for complicated or moving backgrounds 
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to avoid false detection and redundant detection (Fig. 3(c)). 
3.3 MVSTIP Detector 
 

The MVSTIPs are detected as follows. First, the motion energy responses at mul-
ti-speeds v  in various directions q  are computed by Equation (3). Second, surround 
suppressed ME responses in various directions at each speed are computed by Equation 
(5). Third, the responses in various directions at a certain speed are added to acquire the 
cumulative surround suppressed ME (CSSME). Figs. 4(a) and 4(c) show the cumulative 
ME and CSSME responses at various speeds, respectively. Finally, we remove the points 
with small responses by LM filtering and detect the primary STIPs at a certain speed. We 
repeat the above steps from v = 1 to 4 to obtain the collection of MVSTIPs. Figs. 4(b) 
and 4(d) show the result of the MVSTIP detector with cumulative ME (CME) and 
CSSME responses, respectively. The last column shows all MVSTIPs. Significant 
changes in the human region can be captured by surround suppressed ME filters because 
the responses of the complex background region are small. However, the results of CME 
contain false STIPs and redundant STIPs because the ME responses are not salient in 
complex backgrounds (ground and woods). The density of MVSTIPs can be adjusted by 
setting different thresholds in LM filtering. 

 1v = 2v =  3v = 4v = MVSTIPs 

(a) 

 

 (b) 

 

(c) 

 

 (d) 

 
Fig. 4. Results of the MVSTIP detector: (a) ME responses; (b) STIPs at each speed with ME; (c) 

surround suppressed ME responses; (d) STIPs at each speed with CSSME. The labels de-
note the STIPs of v  = 1: white square, v  = 2: yellow triangle, v = 3: pale blue rhom-
bus, v  = 4: green circle. The last column shows all MVSTIPs obtained by using CME 
and CSSME, respectively. 
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Our method is different from Dollar’s 1D Gabor method [13] and Bregonzio’s 2D 
Gabor method[16]. The STIP detector in [13] has been developed to detect pixel varia-
tions in the temporal domain and ignore the spatial relationship of pixels. The detector is 
very efficient for slow motion or static camera views but can be easily confused in com-
plex backgrounds or video noises because of the lack of spatial information. Bregonzio’s 
2D Gabor method[16] is exploited to overcome these drawbacks; however, foreground 
segmentation is needed because of the lack of temporal information. Therefore, the de-
tector is restricted to the result of the foreground segmentation and is not robust for com-
plex backgrounds. We conduct a comparison with the popular 1D Gabor detector on the 
UCF sports dataset[30] to validate the effectiveness of the STIP detector under complex 
scenes. Regions of interest provided by literature[30] are used to locate the STIPs in both 
methods. STIPs in both methods are dense, but the false detection of 1D Gabor is denser 
(Fig. 5). The dynamic texture is easily confused with interest regions in 1D Gabor, but 
the proposed method inhibits the responses of the texture regions successfully because of 
the surround suppression model. The MVSTIPs of the proposed detector are also in-
formative and descriptive because they are obtained by both spatial and temporal do-
mains.  

  

  
Fig. 5. Comparison between the proposed detector and 1D Gabor detector. The top row shows the 

STIPs with the 1D Gabor method. The bottom row shows the MVSTIPs with the proposed 
MVSTIP detector. The labels denote the same meanings and show the STIPs of v  = 1: 
white square, v  = 2: yellow triangle, v  = 3: pale blue rhombus, v  = 4: green circle.  

 
3.4 MEOH Feature Descriptor 
 

We develop MEOH after obtaining the MVSTIPs to obtain a descriptor for each spa-
tio-temporal cube. The descriptor is inspired by 3D SIFT descriptor and cuboid features. 
First, we extract an M × M × N brick around each interest point, and each brick is split 
into 64 sub-bricks with a size of M/4 × M/4 × N/4 (Fig. 6). 

The ME responses in all directions at preferred speeds are used to represent each 
pixel in the sub-brick. Specifically, ( )

max
kBR  in Equation (9) denotes the maximum re-

sponse in the sub-brick kB (k =1, 2,…, 64). The characteristic function ( )kB
if  is de-

fined in Equation (10), i.e., if the response at a point in a given direction iq  is larger 
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than half of ( )
max
kBR , the point moves in a direction iq . Then we record “1” and “0” for 

motion and stillness, respectively.  

 
Fig. 6. Illustration of MEOH feature calculation. The center of the brick is one STIP. The brick is 

split into 64 sub-regions. A sub-histogram of orientations of the surround suppressed ME 
in a sub-region is computed. The MEOH features are then obtained by arranging 64 
sub-histograms. 

( ) ( )
max ,max{ ( , , )}k k
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B B
vR E x y tq=  ,         (9) 
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For each pixel in the sub-bricks, the feature value is obtained by ( )kB
if , and a 

sub-histogram for each sub-brick is obtained by Equation (11) to represent the distribu-
tion of motion in all directions. Thereafter, all sub-histograms of the sub-bricks are add-
ed to form a histogram matrix (Equation (12)). Thereafter, the MEOH descriptor is ob-
tained by arranging H( )B  to one column (Equation (13)). 
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max max1,1 2,1 64,1 1, 64,MEOH( ) ( _ , _ ,... _ ,..., _ ,..., _ )Ti is h s h s h s h s h=B . (13) 
When i  = 1, 2, … , 8, the MEOH feature vector of an interest point is computed 

by arranging all 64 sub-histograms into a 512-dimensional vector. The MEOH descriptor 
calculates the orientations of surround suppressed ME in local regions similar to the 3D 
SIFT or 3D Gradient. The features capture the variation of motion directions around an 
interest point. The features are easy to calculate because the surround suppressed ME has 
been obtained in the MVSTIP detection.  

Fig. 7 shows the MEOH feature vectors obtained by Equations (9) to (13). Fig. 7(a) 
shows the original frame with interest points (i.e., A, B, C, D, and E) from the UCF 
sports database. Fig. 7(b) shows the numbering of directions: “1” denotes =0q , “2” 
denotes = / 4q p , and so on. Figs. 7(c) to 7(g) show the MEOH feature vectors of 
Points A, B, C, D, and E. Some peak points appear in the corresponding edges and mo-
tion directions. 
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(a) 

 
(b) (c) (d) 

 (e) (f) (g) 
Fig. 7. MEOH feature vectors: (a) original frame with interest points (i.e., A, B, C, D, and E) from 

the UCF sports database; (b) number of directions; (c)–(g) MEOH feature vectors of Points 
A, B, C, D, and E, where x- axes represent directions ={0, / 4, / 2,...,7 / 4}θ π π π and y- ax-
es represent the numbers of pixels marked by “motion” in all directions. 

4. EXPERIMENTAL RESULTS  

In this section, we evaluate the effectiveness of our method on three public human 
action datasets: Weizmann[31], KTH[32], and UCF sports[30]. With MATLAB imple-
mentation running on an Intel core i7 and 2.0 GHz computer with 8GB RAM, the pro-
posed method (without optimization) runs with a speed of about 1 second per frame. 

 
4.1 Experimental Results on the Weizmann Dataset 
 

The Weizmann dataset (Fig. 8) contains 10 actions performed by 9 persons, thus 
giving a total of 90 videos. The action categories include “bend,” “jack,” “jump,” 
“pjump,” “run,” “side,” “skip,” “walk,” “wave1,” and “wave2.” Each video lasts for 2 s 
to 3 s with a simple background and static camera. The dataset is challenging because 
several actions are similar, such as “skip” and “jump.”  

In MVSTIP detection, we eliminate the points that have cumulative responses of 
less than 1.5 or 20% of the maximum. The largest 100 points are considered MVSTIPs. 
We then set the brick size as 20 × 20 × 12 in the MEOH description. The codebook is 
obtained by clustering all 90 videos. 

We adopt the leave-one-person-out cross-validation [2, 15] to test the effectiveness, 
i.e., we select 10 videos performed by 1 person as the test set, whereas the other videos 
are used as the training set. The leave-one-person-out cross-validation is conducted 9 
times until all videos are predicted. The final average recognition rate is 98.89%. The 
recognition rate is defined as the rate of successfully recognized actions over all test ac-
tions. The confusion matrix is shown in Fig. 9. Each column of the matrix represents the 
actions in a predicted class, whereas each row represents the actions in an actual class. 
We have obtained the ideal performance on most actions, except for “jump” and “skip.” 
These 2 actions are similar in the way that the actors pass the video, thus resulting in 
similar 3D spatio-temporal cubes and therefore similar MEOH descriptors. Table 1 
shows the existing methods based on local features performed on the Weizmann dataset. 
The accuracy of our approach is superior to other methods based on local features.  
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Fig. 8. Sample frames from the video sequences of the Weizmann dataset. 

bend jack jump pjump run side skip walk wav1 wav2

bend 100

jack 100

jump 89.9 11.1

pjump 100

run 100

side 100

skip 100

walk 100

wav1 100

wav2 100
 

Fig. 9. Confusion matrix of the recognition result on the Weizmann dataset. The overall accuracy 
is 98.89%. 

Table 1. Comparison of the recognition algorithms based on local features on the Weiz-
mann dataset 
Ours 98.89%    

Zhang [33] 2012 93.87% Klaser [10] 2008 84.30% 
Guha [14] 2012 98.90% Niebles [15] 2008 90.00% 
Brengonzio [16] 2009 96.67% Scovanner [9] 2007 82.60% 
Liu [34] 2008 90.40%  

 
4.2 Experimental Results on the KTH Dataset 
 

The KTH dataset (Fig. 10) contains 598 videos of 25 different persons performing 6 
actions, namely, “walking,” “running,” “jogging,” “boxing,” “handclapping,” and 
“handwaving.” The video sequences are recorded in 4 scenarios, including outdoor and 
indoor scenes. The KTH dataset is more difficult than the Weizmann dataset because of 
camera vibration, viewpoint changes, and different appearance scenarios and scales.  
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Fig. 10. Sample frames from the video sequences of the KTH dataset. 

In MVSTIP detection, we eliminate the points that have cumulative responses of 
less than 1 or 20% of the maximum. The largest 200 points are considered MVSTIPs. 
We set the brick size as 24 × 24 × 12 in MEOH description. The codebook is obtained 
by clustering 96 videos performed by four persons.  

We adopt the leave-one-person-out cross-validation to test the effectiveness. We 
select 24 videos performed by 1 person for the test and are run 25 times. The final aver-
age recognition rate is 95.48%. The confusion matrix is shown in Fig. 11. We have ob-
tained reasonable performance on most of the actions, except for “run” and “jog.” These 
two actions are similar in the way that the actors run across the video at different speeds, 
thus resulting in similar 3D spatiotemporal cubes and MEOH descriptors. Existing 
methods for human action recognition on the KTH dataset are listed in Table 2. Table 2 
shows that our approach outperforms the state-of-the-art against methods that use local 
descriptors. 

walk run jog box wave clap

walk 100

run 1 87 12

jog 3 6 91

box 100

wave 98 2

clap 1.01 2.02 96.97

 
Fig. 11. Confusion matrix of the recognition result on the KTH dataset. The overall accuracy is 

95.48%. 

Table 2. Comparison of recognition algorithms based on local features on the KTH da-
taset 

Ours  95.48%   
Zhang  2012 93.50% Brengonzio [16] 2009 93.17% 
Le [11] 2011 93.90% Niebles [15] 2008 83% 
Yuan [35] 2011 94% Laptev [12] 2008 91.80% 
Kovasha [36] 2010 94.53% Klaser [10] 2008 91.40% 

 
4.3 Experimental Results on the UCF Sports Dataset 
 

The UCF sports dataset (Fig. 12) has been collected from broadcasting television 
channels, such as BBC and ESPN. This dataset contains 10 sport action classes: “div-
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ing,” “golf swing,” “kicking,” “lifting,” “horse riding,” “running,” “skateboarding,” 
“bench swinging,” “high-bar swinging,” and “walking,” thus giving a total of 150 videos. 
The actions are performed in various scenarios, and the camera generally moves to focus 
the players. The action durations and scales are different, and some videos contain 1 or 
more persons. This dataset is one of the most challenging datasets because of the com-
plicated background and large intra-class variations.  

diving glof-swing kicking lifting riding

running skateboarding swing(bench) swing(high bar) walking   
Fig. 12. Sample frames from video sequences of the UCF sports dataset. 

DV GS KK LT RD RN SK BN HB WK

DV 92.86 7.14

GS 88.89 11.11

KK 5.00 5.00 90.00

LT 16.67 83.33

RD 8.33 75.00 8.33 8.33

RN 7.69 7.69 7.69 7.69 61.54 7.69

SK 91.67 8.33

BN 100.00

HB 7.69 92.31

WK 5.56 5.56 88.89

 
Fig. 13. Confusion matrix of the recognition result on the UCF sports dataset. The overall accuracy 

is 87.67%. The actions are DV = diving, GS = golf swing, KK = kicking, LT = lifting, RD 
= riding, RN = running, SK = skateboarding, BN = bench swing, HB = high-bar swing, and 
WK = walking. 

The ground truth region provided by the dataset is employed to locate the action re-
gion, and we subsample the videos to save the computational cost. Four videos without 
ground truths are removed from the dataset. In MVSTIP detection, we eliminate the 
points that have cumulative responses of less than 20% of the maximum. The largest 200 
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points are considered MVSTIPs. We then set the brick size as 24 × 24 × 12 in the 
MEOH description. The codebook is obtained by clustering all videos. 

We adopt the leave-one-out cross-validation to test the effectiveness, i.e., we select 
one video performed by 1 person as the test set and is run 146 times. The final average 
recognition rate is 87.67%. The confusion matrix is shown in Fig. 13. The algorithm 
correctly classifies most actions. Most of the mistakes are intuitively reasonable because 
of similar 3D spatio-temporal cubes, e.g., “skateboarding” is confused with “walking,” 
“running” is confused with “riding,” and “walking” is confused with “ golf swing.” Table 
3 shows the results performed by existing methods based on local features. The proposed 
method is superior to other methods based on local features. 

Table 3. Comparison of recognition algorithms based on local features on UCF sports 
dataset 

Ours  87.67%
Guha [14] 2012 83.80%
Le [11] 2011 86.50%
Kovashka[37] 2010 87.27%
Wang [38] 2009 85.60%

 
4.4 Comparison with Other Combinations 
 

We compare our detector and descriptor with other methods in the BoW framework. 
Tables 4 and 5 are the evaluation results performed by Wang [38]. The detectors to be 
compared include the Harris 3D, 1D Gabor detector, and Hessian detector. The de-
scriptors to be compared include the HOG3D, HOG, HOF, 1D Gabor, and 3D SURF. 
Given that our detector and descriptor cannot be separated from each other, the combina-
tion is evaluated. For the KTH dataset, the 95.48% accuracy obtained in the current pa-
per is much better than the other various combinations. For the UCF sports dataset, we 
achieve the best accuracy of 87.67%. Overall, the proposed method shows significant 
improvements compared with other detector (Harris 3D, 1D Gabor, and Hessian) and 
descriptor (HOG3D, HOG, HOF, 1D Gabor, and 3D SURF) combinations.  
Table 4. Average accuracy of various detector/descriptor combinations on the KTH da-

taset 

HOG3D HOG/HOF HOG HOF 1D Gabor 3D SURF 
Proposed 
method 

Harris3D 89.0% 91.8% 80.9% 92.1%
95.48% Cuboids 90.0% 88.7% 82.3% 88.2% 89.1% 

Hessian 84.6% 88.7% 77.7% 88.6% 81.4% 

Table 5. Average accuracy of various detector/descriptor combinations on the UCF da-
taset 

HOG3D HOG/HOF HOG HOF 1D Gabor 3D SURF 
Proposed 
method 

Harris3D 79.7% 78.1% 71.4% 75.4%
87.67% Cuboids 82.9% 77.7% 72.7% 76.7% 76.6% 

Hessian 79.0% 79.3% 66.0% 75.3% 77.3% 



HUMAN ACTION RECOGNITION USING MULTI-VELOCITY STIPS AND MOTION ENERGY ORI-

ENTATION HISTOGRAM 

 

15

 

5. CONCLUSION 

We have presented a robust human action recognition algorithm based on the 
MVSTIP detector and MEOH descriptor. By using the proposed detector and descriptor, 
the proposed method achieves high recognition accuracy and high robustness for both 
simple and complex backgrounds. There are mainly three reasons for this. Based on 
models of time-dependent receptive fields of simple and complex cells in the primary 
visual cortex (V1), multi-direction ME filters at different speeds detect the significant 
changes of points; the surround suppression model reduces the false detection points and 
redundant detection points caused by complex background; the MEOH descriptor of 
MVSTIPs captures the motion features in local regions around interest points. In future 
works, we will try other video representation models instead of the standard BoW model 
and optimize the code to reduce computation costs. 
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