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Abstract 

The spatio-temporal (ST) position information between local features plays an important 

role in action recognition task. To use the information, neighborhood-based features are built 

for describing local ST information around ST interest points. However, traditional methods 

of constructing neighborhood, such as sub-ST volumetric method and nearest-neighbor-based 

neighborhood method, ignore the orientation information of neighborhood. To make the 

neighborhood-based features more discriminative, we construct a novel, oriented 

neighborhood by imposing weights on the distance components. Specifically, in our scheme, 

firstly, local features are produced, and encoded by locality-constrained linear coding (LLC). 

Then, oriented neighborhoods are constructed by imposing weights on the distance 

components between features, and obtain single-scale oriented neighborhood features 

(SONFs). Next, multi-scale oriented neighborhood features (MONFs) are formed by 

concatenating SONFs. As a result, action video sequences are represented as a collection of 

MONFs. Finally, locality-constrained group sparse representation (LGSR) is used as 

classifier upon MONFs. Experimental results on the KTH and UCF Sports datasets show that 

our method achieves better performance than the competing local ST feature-based human 

action recognition methods.             

 

Keywords: action recognition, action representation, oriented neighborhood feature 

 

1. Introduction 

Human action recognition in video has been widely studied over the past decade due 

to its widespread application prospects in many fields such as video surveillance [1, 2], 

action based human-computer interfaces [3], and video content analysis [4]. It is an 

important branch in the field of artificial intelligence, and has also been an increasingly 

active field of computer vision and pattern recognition.  

Numbers of human action recognition techniques have been proposed, and several 

reviews are devoted to this topic [5, 6]. There are two parts in this field [5]: action 

representation and classification. Action representation is the procedure of extracting 

features from videos and obtaining the human behavior representation by encoding the 

features. Then learning an action model from the final behavior representations and 

recognizing query behaviors with the learnt model. In general, there are two kinds of 

action representation: global representations [7, 8] and local representations [9-19]. 

Commonly, global representations are derived from silhouettes or body sketch. They 

require good background subtraction or body part tracking. So, they are sensitive to 

noise, variations in viewpoint, and partial occlusion. Local representations are based on 

the local ST features plus bag-of-features (BoF) model. Due to no requiring background 

subtraction or body part tracking, they are robust to viewpoint/appearance changes, 

noise, and partial occlusions [5]. 
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Human action recognition usually consists of three stages: extracting local features from 

video sequences, learning action representation vectors via these local features, and 

classifying query action videos with a classifier upon the video representation vectors [5]. To 

obtain video representation vectors, several feature coding and pooling methods are 

developed. Many authors used K-means and vector quantization (VQ) for feature coding, as 

well as the average-pooling [10] to group these feature codes to generate the video 

representation vector. For reducing quantization error caused by K-means and VQ, soft vector 

quantization (SVQ) [20] and sparse coding (SC) [21] are proposed to encode local features 

for action recognition tasks [18]. However, the local features usually reside on nonlinear 

manifolds [9, 22, 23]. None of SVQ and SC can preserve the nonlinear manifold structure. 

The manifold is nonlinear and not Euclidean in its whole space, but linear and Euclidean in a 

local region [24, 25]. Because SVQ uses all bases to encode each feature and generates dense 

codes, it cannot correctly represent the nonlinear manifold structure in a global way. Due to 

the overcomplete dictionary, SC tends to choose the codewords which are distant to the input 

features [23]. Therefore, it cannot correctly represent manifold data. For handling both of 

quantization error and loss manifold structure in feature coding, Yu et al. [22] provided a 

Local Coordinate Coding (LCC) to encode local features with locality-constrained, Wang et 

al. [23] introduced an improved version of LCC called Locality-constrained Linear Coding 

(LLC) to reduce computational cost, and Wei et al. [26] proposed a local sensitive dictionary 

learning method for image classification.     

After encoding local features, action video sequence is represented as BoF model. To 

overcome the major limitation of BoF model that ignore the ST relationship between local 

features, many methods [27-33] are developed during the past years, and fall into two 

categories: temporal sequential approaches and ST volumetric approaches. For temporal 

sequential approaches, actions in digital videos are regarded as sequences of states (e.g. 

poses). Inspired by speech recognition, sequential probabilistic models [27-30] use 

dynamic probabilistic graphical models (e.g., Hidden Markov Models (HMM) [31]) to 

learn temporal transitions between hidden states. A limitation of temporal sequential 

approaches, however, is that they require a large amount of training examples in order 

to model all events might occur, and too many parameters are involved when 

complicated actions are modeled. In contrast to temporal sequential approaches, ST 

volumetric methods [32, 33] view actions as 3D (X-Y-T) objects in a spatio-temporal 

volume (STV), thus treating space and time in a unified manner. In order to utilize the 

ST position relationship between local features, STV usually is partitioned into sub-

STVs, each of which surrounds a local feature. All local features within same sub -STV 

are merged into a feature by max-pooling or average-pooling. A limitation of ST 

volumetric methods is that one needs to decide the temporal boundary of sub-STV. 

In the paper, we proposed a Multi-scale Oriented Neighborhood Feature (MONF) for 

making use of the ST position information between features. The MONF is based on the 

neighborhood formed by the nearest neighbors. Unlike the traditional nearest neighbor 

methods that are isotropic with respect to 3D space, our nearest neighbor algorithm is 

anisotropic, direction-selective (see Figure 3).  

In our system, above all, ST interest points (STIPs) are detected from action video; 

corresponding local features are produced, and encoded by LLC algorithm. Then, 

several single-scale oriented neighborhood features (SONFs) around each STIP are 

computed and formed MONFs. Thus, actions are represented as a group of MONFs. To 

utilize the intrinsic group information from MONFs within each video, we treat each 

test/training video as one group of MONFs and employ the Locality-constrained Group 

Sparse Representation (LGSR) [34]-based classifier as action classification. 

The experiments on the KTH, UCF Sports datasets show that our system outperforms 

the methods in [18, 19, 44-46] and classical local ST feature-based methods.  

This paper has two contributions as follows:   
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 To make use of ST position information between local features, we proposed a 

MONF features that are orientation-selection and robust to ST scale changes. 

 Compared to traditional sub-STV volumetric approach that is required to 

determine the temporal scale, the MONF adapts to the ST scale of action video. 

 In contrast to traditional neighborhood approach that equally treats each position 

element, our obtained neighborhoods are oriented by assigning different  weights 

to position elements. Therefore, the resulting MONFs are more discriminative. 

The rest of this paper is organized as follows. Extracting STIPs from action video is 

shown in Section 2. Encoding local features by LLC is provided in Section 3. Building 

MONFs by the proposed algorithm is offered in Section 4. Then, employing LGSR 

algorithm as action classifier is presented in Section 5. Experimental results and 

analysis are shown in Section 6. Finally, conclusion is drawn in Section 7.  

 

2. Detecting Spatio-temporal Interest Points (STIPs) 

The inputs to our recognition system are the STIP positions and their associated local 

descriptors. We utilize Dollar detector [10] to extract STIPs from video sequences. Dollar 

detector generally produces a high number of STIPs that is important for learning ST 

neighborhood feature. Action video sequence V is described by a set of position-descriptor 

tuples: 

{( , , ), : 1, , },i i i i vV x y t i n f                                                  (1)   

where ( , , )i i ix y t records the ST position; if denotes a local feature vector of 3D support region 

around STIP i ; vn denotes the video’s total number of STIPs. 

 

3. Encoding Local Features by Locality-constrained Linear Coding (LLC) 

Let { , 1, , }D

i R i N  F f be N local features with D-dimension. Given a codebook with 

M bases 1 2[ , , , ] ,D M

M R  B b b b  for simplicity, codebook B is generated by k-means 

clustering over training samples with Euclidean distance as metric. Feature if is converted 

into a M-dimensional code denoted as 
M

i Rc by feature coding schemes, such as vector 

quantization (VQ), soft vector quantization (SVQ), sparse coding (SC), and LLC. Table 1 

shows the performance comparison of coding schemes. 

 

3.1. VQ, SVQ and SC 

In VQ, its coding strategy assigns just a single base to a local feature; each local 

feature is assigned to the nearest visual codeword: 
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where code vector ,1 ,2 1,[ , , , ] .T

i i i Mc c cc This coding is simple but, as reported in [35], 

suffers from the reconstruction error due to the reason that it only assigns a single code 

word to the descriptor. 

To alleviate the quantization error of VQ, Gemert et al. [37] proposed SVQ on which a 

feature is encoded across several codewords instead of using one: 
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where  is a parameter controlling how widely the assignment distributes the weight across 

all the code words. A small 𝛽 gives a broad distribution, while a large 𝛽 gives a peaked 

distribution, more closely approximating hard assignment. And this is further improved by 

Liu et al. [38], who used localized soft assignment (LSVQ). Their difference is that SVQ 

encodes the features with all the codewords, while LSVQ confines the soft assignment to a 

local neighborhood around the feature being coded. 

Another way to reduce the quantization loss of VQ is SC [21] that encodes a local feature 

by using the coefficients of a linear combination of the codewords in ,B  with a sparsity 

regularity term 1 -norm: 
2

2 1
arg min( ), ,i i R    

c

c f Bc c                                       (4) 

where the first term represents the reconstruction error of if with respect to codebook B . The 

second term denotes a sparse constraint regularization on code c , and 𝜆 is a regularization 

factor to balance these terms. Although compared to VQ, SC significantly reduces the 

quantization loss, its computation complex is high, and not guarantee that same input features 

produce same encoding result.    

 

 

 

 

 

 

 

 

 

 

3.2. Locality-constrained Linear Coding (LLC) 

In contrast to the previous coding schemes, LLC coding algorithm [23] has attracted much 

attention due to its impressive properties: 

 Better reconstruction. In VQ (Figure 1.a), each descriptor is represented by a single 

basis in the codebook. Due to the large quantization errors the VQ code for similar 

descriptors might be very different. Besides, the VQ process ignores the relationships 

between different bases. Hence non-linear kernel projection is required to make up 

such information loss. On the other side, as shown in (Figure 1.c) in LLC, each 

descriptor is more accurately represented by multiple bases, and LLC code captures 

the correlations between similar descriptors by sharing bases. 

 Local smooth sparsity. Similar to LLC, SC also achieves less reconstruction 

error by using multiple bases. Nevertheless, the regularization term of 1 norm in 

SC is not smooth. As (shown in Figure 1.b), due to the over-completeness of the 

codebook, the SC process might select quite different bases for similar patches 

to favor sparsity, thus losing correlations between codes. On the other side, the 

explicit locality adaptor in LLC ensures that similar patches will have similar codes. 

 Analytical solution. Solving SC usually requires computationally demanding 

optimization procedures. Unlike SC, the solution of LLC can be derived analytically 

such that LLC can be performed very fast in practice. 
  

Table 1. Comparison between Coding Schemes 
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  LLC can be formulated by  
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c f Bc d c 1 c                               (5) 
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dist( , )
exp( ), dist( , ) [dist( , ), ,dist( , )] ,Ti

i i i M


 
f B

d f B f b f b                    (6) 

where the first term is reconstruction error; the second term is the locality constraint 

regularization on code c , and   is a regularization factor; in the second term, denotes the 

element-wise multiplication, and MRd is the locality adaptor that gives different weight for 

each base vector proportional to its similarity to the input feature if ; and dist( , )i jf b is the 

Euclidean distance between if and the 𝑗-th base .jb  is used for adjusting the weight decay 

speed for the locality adaptor. 1T 1 c  is the shift invariant constraint according to [23]. 

LLC coding scheme bases on the hypothesis that descriptors approximately reside on a 

lower dimensional manifold in an ambient descriptor space; thus, it reduces the quantization 

error while preserving the consistent encoding ability. 

In the paper, to reduce quantization error and keep the consistent coding, both LLC 

algorithm and a codebook with M bases 1 2[ , , , ] D M

M R  B b b b are employed to encode 

local feature { , 1, , },D

i R i N  F f and obtain corresponding reconstruction coefficient 

vectors { , 1, , }M

i R i N  C c . 

 

4. Building Multi-scale Oriented Neighborhood Features (MONFs) 

After encoding local features with LLC method, action video sequence V is 

represented as a group of reconstruction coefficient vectors { , 1, , },M

i R i N  C c  and 

equation (1) is rewritten as   

{ } {( , , ), , : 1, , },i i i i i i vV x y t i n  g f c                                             (7)   

where ( , , )i i ix y t records the ST position; if denotes a local feature at  position ( , , )i i ix y t ; ic is 

the code related to if ; vn denotes the video’s total number of STIPs. 

Due to the different styles of human action, it is difficult to model the ST relationship of 

local features in a single space-time scale. The actions with different styles appear in different 

motion range (different spatial scale) and speed (different temporal scale). To utilize the ST 

position relationship between local features, many methods were developed, such as the most 

popular sub-STV method and local neighborhood method.   

In sub-STV, an action is viewed as a STV, and partitioned into multi-temporal-scale 

segments called sub-STVs, each of which surrounds a local feature (see Figure 2(a)-(b)). A 

major limitation of this method is that temporal length of sub-STV is determined 

experientially. In contrast to sub-STV method, the idea of local neighborhood method is that 

the ST relation around a feature can be described by its nearest neighbors. Traditional method 

of choosing nearest neighbors directly calculate the distance between two features, that is, 

 
 

Figure 1. Comparison between VQ, SC and LLC. The Selected 
bases for Representation are Highlighted in Black 
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given two feature positions 1 1 1 2 2 2( , , ),( , , )x y t x y t , their distance is 
1 2 1 2 1 2 2

( , , )x x y y t t    

and this method suffers from isotropic, or non-direction-selection (see Figure 2(c)-(d)). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To make the neighborhood feature more discriminative power, we impose ST weights 

( , )  upon the distance metric between features. Specifically, we replace ( , , )i i ix y t with

( ( , ), ( )), , 0i i ix y t    during selecting the nearest neighbors, and the resulting 

neighborhoods are anisotropic, or direction-selective (see Figure 3), where and  are the 

position weighting factors which reflect the importance of the spatial and temporal position in 

distance calculation, respectively, e.g. with the increase of  , the resulting neighborhood 

tends to select the STIPs that close to the central STIP with respect to the temporal direction.  

For feature ig , its nearest neighbors with ST scales ( , )  can be obtained by ranking the 

Euclidean distance between ig and all other features, where the Euclidean distance between ig

and jg  is defined as  

2
( ), ( ), ( )i j i j i jx x y y t t                                            (8) 

Let ,

1 1( ) { , , }
enN  g g g denote the oriented neighborhood of 1g with ( , ),  1{ , , }

eng g

are the nearest neighbors of 1,g then its SONF 
,

1

 
h is computed by average-pooling over 

their LLC codes, 

,

1 1
(1 )

en

e ii
n 


 h c                                          (9) 

where
ic denotes the LLC code of 

ig , and ic denotes the absolute value of
ic . 

 
 

Figure 2. The Sub-STV Method and Traditional Neighborhood Method. In 
(a)-(b), a STV is Divided into Three sub-STVs with a Temporal Scale. In (c), 

10000 Points with Positions{( , , ) : 1, ,10000}i i ix y t i  are Generated in 3D 

Space, and , , (0,1)i i ix y t N . In (d), 1000 Nearest Points to the Origin are 
Selected, and Forms a Sphere Neighborhood that is Non-direction 

Selection 

 

Figure 3. Our ST Oriented Neighborhoods at Various ( , )  are Direction-
Selective. 1000 Points (red points) Selected from 10000 Points in Figure 

2(C) to Form an Oriented Neighborhood, According to Equation (8) 
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    Next, we can adjust  or/and  to obtain SONF
( ), ( )

1 ,i j 
h  and its MONF 1h of 1g is obtained 

by concatenating all SONFs 

(1), (1) ( ), ( )

1 1 1[ , , , ]i j   h h h                                     (10) 

where [1, ], [1, ]s ti n j n  , and sn and tn are the numbers of spatial and temporal scales, 

respectively.  

After computing the MONF of each local feature by (10) and (11), video sequence V  is 

represented as group of MONFs 

{ : 1, , }i vV i n h                                               (11) 

where ih denotes the MONF feature of ig .   

 

5. Classifying with LGSR 

To utilize the intrinsic group information from these MONFs within one video for action 

classification, we employed the Locality-constrained Group Sparse Representation (LGSR) to 

classify actions. LGSR was proposed in [34] for human gait recognition. It is an extended 

sparse representation-based classifier (SRC). The pioneering work of SRC was proposed in 

[40] and used to classify face images by minimizing the norm-regularized reconstruction 

error. There are three advantages of LGSR compared with SRC:  

 SRC is designed for single image classification and cannot directly classify a group of 

samples, while LGSR is designed for sample group classification. 

 The locality constraint in LGSR is more reasonable than sparsity constraint in SRC, 

especially for representing manifold data [23, 26]. 

 LGSR is a block sparse constraint classifier. It is better than SRC in classification task 

when the used features are discriminative.  

The object function of LGSR is defined as 
2*

1

1
argmin

2

K k k

F k F



   

C

C Y BC D C ,                             (12) 

where the first term represents the reconstruction error of the test action with respect to all the 

actions. The second term is the weighted mixed-norm-based regularization on the 

reconstruction coefficient C .   is the regularization parameter to balance these terms. B  is 

the classification dictionary constructed by connecting 𝐾 class-special dictionaries 
1[ , , ]K

B B . Each class-special dictionary k
B  is learnt with K-means algorithm from the      

MONF descriptors corresponding to the 𝑘-th action. Y is the group of MONF descriptors for 

one query action. k
C is one part of C  and corresponds to .k

B k
D is the distance matrix 

between Y and .k
B  The 𝑖-th and 𝑗-th element in k

D is calculated as
2

k k

ij i j D Y B Since k
C  

values are independent of each other, we can separately update each k
C using its subgradient 

[41]. To solve (12), the active set-based subgradient descent algorithm [34, 42] was 

employed. 

Once we obtain the optimal reconstruction coefficient 
* ,C  two classification methods 

[38] based on different criteria can be used to classify the test video. 

 Minimum Reconstruction Error (minRE) Criterion: We compute the reconstruction 

error for each class as follows: 

* *1
(( ) ) ( )

2

k k k

k
F

R  C Y B C                                            (13) 

where the reconstruction coefficient 
*( )k

C  is from k
C that corresponds to the k-

th training video. Then, we classify the query video to
* *arg min (( ) )k

k
k

k R C . 

 Maximum Weighted Inverse Reconstruction Error (maxWIRE) Criterion: In the 

above criterion, the reconstruction coefficient is not used directly for 
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classification. Intuitively, if the reconstruction errors of the test video with 

respect to two training videos are the same, we should choose the class  label of 

the training video that is associated with the larger Forbenius norm of the 

reconstruction coefficient. Specifically, we define the following weighted 

inverse reconstruction error 
*

*

*

( )
(( ) )

( )

k

k F

k k k

F

Q 


C
C

Y B C
                                       (14) 

Then, we classify the test video to
* *arg min (( ) )k

k
k

k Q C .  

In the paper, we use maxWIRE criterion as human video action classifier 
 

6. Experiments  

In this section, the effectiveness of our MSPC-LC is evaluated on two public datasets: the 

KTH and UCF sports datasets. Leave-one-out cross-validation (LOOCV) strategy is used to 

evaluate the performance of our algorithm. 

 

6.1. Experimental Setup 

 The experimental setup is as follows: 

 For the two datasets, Dollar detector based on multiple ST scales is used to extract 

STIPs from action videos, and its spatial scale  1.2,1.3,1.4 5[ ],1.   and temporal scale 

   0.4,0.45,0.5,0[ ].55 . (HOG+HOF) is employed as local features (e.g., feature if in 

(1)). 

 To obtain the dictionaries for LLC coding, features from 24 videos (4 videos per 

action, 6 actions) of one subject are clustered by k-means for the KTH; and features 

from 20 videos (2 videos selected from each action, 10 actions) are clustered by k-

means for the UCF Sports. The resulting dictionary size is set to 250 for KTH, and 

400 for UCF Sports.  

 The number of selected bases is set to be 5 during LLC encoding local features for 

both of the KTH and UCF Sports. 

 In building MONFs, the ST scales are set to be  =[1,1,1,1],  = [1,0.75,0.50,0.25] for 

the KTH, and for the UCF sports, =[1,1,1,1],  = [0.9,0.7,0.5,0.3]. 

 Since there are 4 ST scales for either of HOG/HOF, the dimension of a MONF, which 

is concatenated by 4 SONFs, is 4 250 2 2000    for the KTH, and 

4 400 2 3200    for the UCF Sports. In order to guarantee that the class-special 

dictionaries in LGSR are over-complete, random projection in dimension reduction 

[43] is adopted to reduce the dimension of the MONF to 250, 400 for the KTH and 

UCF Sports, respectively.   

 In LGSR classification, the size of each class-special dictionary is set to 300 for the 

both datasets, the parameter   are evaluated by 4-fold cross-validation. 

 In experiment, leave-one-out cross-validation (LOOCV) strategy is used to evaluate 

the system performance. Specifically, for the KTH, in each LOO run, we use the 

videos of 24 subjects for training, and the videos of the remaining subject for test, and 

the recognition rate is the average value of the 25 runs. For the UCF sports, in each 

LOO, one video of each class is randomly selected as test data, the other videos are 

treated as training data, 100 LOO runs are carried out, and the recognition rate is the 

average value of the 100 runs. 
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6.2. Human Action Datasets 

The KTH dataset contains six classes of human action (i.e., boxing, hand clapping, hand 

waving, jogging, running, and walking). The actions are performed by 25 different subjects. 

Each subject performs four action videos in each class. Therefore, the KTH dataset includes 

(25 4 6) 600  
 
low-resolution video clips (160 120 pixels). Each action is performed in 

four scenarios: indoors, outdoors, outdoors with scale variation, and outdoors with different 

clothes. Examples of this datasets can be seen in Figure 4(a). 

The UCF sports dataset includes 150 action videos, which are collected from various 

broadcast sports channel such as BBC and ESPN. It contains 10 different actions: diving, golf 

swing, horse riding, kicking, lifting, running, skating, swing bar, swing floor, and walking. 

This dataset is challenging with a wide range of scenarios and viewpoints. Examples of this 

dataset can be seen in Figure 4(b). 

 
6.3. Experimental Results and Analysis 

To evaluate the influence of the number of nearest neighbors (NNs) on recognition 

accuracy during computing SONFs, various neighborhood sizes is used, and the results are 

shown in Figure 6. It can be seen that for the KTH, when the number of NNs is set to be 7 

(NN=7), the highest recognition rate 96.5% is achieved; for the UCF Sports, the highest 

recognition rate 91.8% is obtained, when NN=5. Moreover, we found that when NN= (5, 7, 9) 

and (3, 5, 7), the recognition performance drops slightly for the KTH and UCF Sports, 

respectively.  

 

 

 

 

 

 

 

 

 

 

 
Figure 5. The Relationship between the Number of Nearest Neighbors 

(NNs) of Oriented Neighborhood and the Recognition Rates on the KTH, 
UCF Sports Datasets, Respectively 

 

Figure 4. (a) Example Images from the KTH Dataset. (b) The UCF Sports 
Dataset 
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Table 2 shows the performance comparison between our system and some classical system 

published recently over both the KTH and UCF Sports. The competing methods [18, 19, 44-

46] include local representation-based, and global representation-based approaches. It is clear 

that our method achieves better performance than the competing methods. The confusion 

matrices for KTH and UCF sports datasets of our method are shown in Tables 3 and 4, 

respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6 presents the recognition accuracies on the KTH and UCF Sports under varied 

combinations on temporal scales. It can be found that when all temporal scales are considered 

in classification, the system performance achieves the best. Furthermore, with taking into 

account more spatial scales, the discriminative power of recognition system gets strong, the 

recognition rate increases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. Confusion Matrix on the KTH Datasets. s1 (boxing), s2 

(hand-waving), s3 (hand-clapping), s4 (walking), s5 (jogging), s6 

(running) 

 

Table 4. Confusion Matrix on the UCF Sports Dataset. S1 (diving), 

S2 (golfing), S3 (kicking), S4 (lifting), S5 (horse-riding), S6 

(running), S7 (skating), S8 (swing-bench), S9 (swing-high-bar), 

S10 (walking) 

 

Table  2. The Performance Comparison between our System and the 

Recent Classical Systems 
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7. Conclusion 

To utilize the ST position information between local features for action recognition 

task, many authors used either sub-STV method or traditional NN-based neighborhood 

method. However, the former requires ones to decide the temporal length of sub-STV 

empirically, and the latter lacks of considering orientation information within 

neighborhood. To overcome their limitations, we construct the oriented neighborhood 

by introducing ST scales to the Euclidean distance between local features. Then LGSR 

is employed as classifier upon the resulting MONFs based on the oriented 

neighborhoods. The experimental results on the KTH and UCF Sports datasets show 

that (1) In contrast to traditional methods based on either sub-STVs or sphere-shape 

neighborhood, the recognition system based on the oriented neighborhoods achieves 

better recognition accuracy. (2) Compared to sphere-shape neighborhood that is non-

direction-selective, the proposed MONFs can provide more discriminative information 

for boosting the system performance. 
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Figure 6. The Performance Comparison between our Method (OM) and 

Traditional Method (TM) in the Case of Different Combinations of 

Temporal Scales. Note that Traditional Method is Referred to as Non-

Direction-selective Neighborhood, and its ST scales ( 1, 1)   in all 

Cases, Hence, its Recognition rate is Same in all Combinations 
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