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ABSTRACT 

 

In this paper, we propose a spatial-temporal constraint-based 

action recognition method, in which two actions are 

compared by both the appearance features and the spatial-

temporal structures. To represent the appearance 

information in videos, we utilize a random quantization 

method to obtain a more precise BoW-based representation. 

To calculate the similarity of two videos, we match the 

quantized interest point sets and map the matched pairs into 

the spatial-temporal offset space to compare the similarities 

of spatial-temporal structures. We leverage the KNN model 

to classify the actions. The experiment results on both KTH 

action dataset and YouTube action dataset demonstrate the 

effectiveness of our proposed method on action recognition.  

 

Index Terms— Action recognition, spatial-temporal 

constraint, random BoW, spatial-temporal offset 

 

1. INTRODUCTION 

 

Human action analysis has attracted increasing attention 

recently [1-3]. As a fundamental task, action recognition 

plays an important role in human action analysis and it has a 

wide range of applications, including intelligent human-

computer interaction, video surveillance, content-based 

video indexing, telemonitoring of patients, etc.  

Existing approaches of action recognition can be 

coarsely divided into three classes according to the different 

feature representation methods. The low-level feature 

methods [1,4,5,6] use local feature (ie. STIPs [5], 3DSIFT 

[16]) to represent the actions. Laptev et al. [5, 6] proposed 

to extract and represent spatial-temporal interest points 

(STIPs) and applied the bag-of-STIPs for action 

classification and recognition. The mid-level feature method 

attempts to consider more semantics for characterizing 

actions, for example, Raptis et al. [7] proposed an approach 

to discover discriminative “Action Parts” from the dense 

point trajectories [8], aiming to capture more local structure 

semantic. In [9], the authors mined the combination (phrase) 

of words to represent distinguishing spatial and temporal 

patterns. The third class is based on the high-level 

representation. Sadanand et al. [3] represented videos with 

action volume in the “Action Bank” to embed much richer  

 

Fig. 1. The overview of our proposed method. We build a random 

forest to quantize all the STIPs in the dataset, and then generate a 

spatial-temporal offset space, utilizing the spatial-temporal 

structure to calculate the spatial-temporal similarity. Finally, we 

use KNN model to label the class of the query video. 

semantics into action representation. Generally speaking, the 

low-level methods often yield inadequate discriminative 

representations. Meanwhile, the high-level method mixes too 

much redundancies or unnecessary contents which result in 

huge time-consuming [3]. 

In recent work [8,9], the spatial-temporal constraint 

considers the relationship between different local features 

and has achieved promising performances. Therefore, we 

propose a novel spatial-temporal constraint-based action 

recognition method in this paper. We utilize the spatial-

temporal patterns to achieve a more accurate similarity 

metric, in which we consider not only the matches between 

the interest points, but also matches between the structures 

that the points imply. We map the matches of interest points 

into an offset space using 3D correspond transform and 

obtain the matches of spatial-temporal structures by counting 

the votes in the offset space instead. By taking the structures 

between interest points into consideration, we obtain a more 

effective similarity metric for actions, which results a better 

performance in action recognition. The proposed method is 

illustrated in Fig.2. 

In Section 2, we present the proposed methods 

including feature extraction and representation, spatial-

temporal similarity metric and the classification process. We 

compare our proposed method with the state-of-the-art 

methods in Section 3, and conclude this paper in Section 4. 



2. SPATAIL-TEMPORAL SIMILARITY-BASED 

ACTION RECOGNITION METHOD 

 

In this section, we first introduce the random forest based 

BoW representation method, and then present our proposed 

spatial-temporal similarity metric method. Finally, the KNN 

classification method is used to classify the actions. 

 

2.1. Random Forest based BoW Representation 

 

We extract and describe the spatial-temporal interest points 

(STIP) to represent the actions in videos. Following the 

work in [5], we detect the spatial-temporal extremum points 

from the video frames, and then extract the concatenated 

histogram of gradient (HOG) feature and histogram of flow 

(HOF) feature from each detected STIP. 

Instead of the traditional K-means, we utilize the 

random quantization method [10] to quantize the STIPs, 

which can make up the quantization errors and loss of 

information caused by clustering the points into some fixed 

labels. For all the STIPs in the dataset, we build a random 

forest, in which each tree can be viewed as a quantization of 

the data in a specific way. Thus, these independent trees 

form a more overall representation of the data. 

We formally represent the details of the proposed 

random forest based BoW representation. Given ND STIPs 

in the dataset, 
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dimensions of each feature. The process of generating a 

random forest can be summarized as follows: 

 Generate the index of the feature’s dimensions e1 

and e2. 

 For every e1 and e2, compute the “feature 

difference” 1 2( ) ( )i i iD x e x e= − , i = 1, 2, � ND and its 

variance. 

 Loop the above random generating for enough 

times (in our implementation, set the parameter to 50). 

 Set the mean of 'iD , which has the largest variance 

as the split criterion, and split the father nodes into two child 

nodes. 

The larger variance means the features distribute more 

widely and has more discrimination on the two dimensions 

in the feature space. In this generating process, each splitting 

can be seen as a partition of the feature space, and the STIPs 

in the same leaf nodes have similar features. Therefore, each 

leaf node can be viewed as a quantized bag of words. 

Our method is different with [10], which constructs the 

random forest to index the interest points, and calculate 

mutual information as the similarity metric. Our method 

introduces the random forest as a randomized quantization 

method instead of the standard K-means to improve the 

representation effectiveness. And we propose to take the 

spatial-temporal relationship among interest points into 

consideration and obtain a more effective similarity metric, 

which is detailed in section 2.2. 

 
Fig. 2. The 3D correspond transform. The points in the same color 

denote matched pairs of two action sequences, and all the matched 

pairs are mapped into the offset space. Red circles highlight the 

high-hit blocks. 

 

2.2. Spatial-Temporal Similarity Metric 

 

Given a test action video, we should compare it with other 

videos in the database. Traditional appearance based 

similarity metric, which only counts the co-occurrences of 

the BoW, ignores the spatial-temporal structures among the 

STIPs of an action. This will result in mass confusion 

between different action classes because of distractions of 

unrestraint backgrounds. To address this problem, we 

propose a novel spatial-temporal similarity metric to 

compare two actions. 

 

2.2.1 Spatial-Temporal Structure Mapping 

In order to obtain the spatial-temporal relationship, which 

characterizes the structure information between the matched 

STIPs, we implement the 3D correspond transform in [9]. 

Suppose that there are some STIPs co-occur with the test 

STIPs in some bags, we build a space-time offset space 

taking the following measures. For each matched feature 

pair ( ( , , )i i ix y t , ( ', ', ')i i ix y t ), where ( , , )i i ix y t  is from test 

video V and ( ', ', ')i i ix y t  is from V’ in the dataset, its 

location in the offset space can be obtained by calculating 

the formula ( , , ) ( ', ', ')i i i i i iX Y T x x y y t t∆ ∆ ∆ = − − − . The 

matches between points in V’ and V are shown in Fig. 2. For 

the first case, A matches A’, and B, C, D are the points 

related with A in some spatial-temporal structure. If there are 

also points B’, C’, D’ correspond to B, C, D respectively in 

V’ at the same time, the relative spatial-temporal relationship 

shared among A’, B’, C’, D’ can be seen as consistent with 

that among A, B, C, D. Then, they will be mapped into the 

same block in the offset space and vote four scores. 

Similarly, for another case, the structure composed by 

matched pairs (A, A’’) and (B, B’’) votes two scores to 

another block. However, the mismatch A and E only votes 

one score to an inactive block. Then we get the relevance 

between spatial-temporal structure of difference lengths and 

corresponding scores in a block of offset space. The higher 



 
Fig. 3. Two examples of matched actions. The ride lines indicate the matched points between two videos. These points will be mapped into 

the same block in the offset space. Then we obtain the scores across the whole offset space and detect the matched spatial-temporal patterns.

scores reflect more matches of structures and more 

similarities between actions. 

 

2.2.2. Similarity Metric 

We count the voting scores in the offset space to obtain the 

similarity between two videos. Besides, in order to decrease 

the negative effects of the imbalance caused by the different 

video lengths and non-uniform backgrounds, we introduce 

TF-IDF strategy. Finally, the similarity between action V’ 

and test action V can be formulized as: 
2
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where, Bij is the number of STIPs in the bag which the jth 

interest point in the ith block localizes, and 1/Bij can be seen 

as the IDF process. The numerator counts scores across all 

the blocks. N is the number of STIPs in V, and 1/N can be 

seen as the TF process. The square acts as the weighting 

factor, which amplifies the lager scores and relatively 

reduces the effects of small scores. By Equation (1) we can 

get the spatial-temporal similarity between the test video and 

any other video in the dataset. 

 

2.3. KNN Classification Model 

 

Based on the spatial-temporal similarity metric, we utilize 

the KNN classifier to accomplish the recognition task. To 

classify the action in a test video, the STIPs are extracted 

and quantized by the procedure in Section 2.1 and Section 

2.2. Then, we rank the videos in the training set according to 

the similarities between each training set video and the test 

video. Finally, we obtain the labels of the top k training 

videos and use them to vote for the label of the actions in the 

test video. 

3. EXPERIMENT 

  

We carry out experiments on two benchmark action 

recognition datasets, KTH dataset [11] and YouTube action 

dataset [12]. We use the confusion matrix and recognition 

accuracy to measure the performance of the proposed 

method and comparison methods. In our implementation, we 

use the code published by author
 
in [1] to detect STIPs and 

extract HOG/HOF features as the low-level representation of 

actions. In our implementation of building random forest, we 

insure the number of interest points in the leaves is about 80 

and k in KNN is set to 5. The training set and test set are 

generated randomly. 

 

3.1. KTH Action Dataset 

 

The KTH dataset [11] consists of 6 classes of actions: 

boxing, jogging, hand clapping, hand waving, running and 

walking， in which each action is performed by 25 subjects. 
The environments in which the dataset is taken range among 

outdoors and indoors with scale variations. We compare our 

proposed method with the state-of-the-art methods, which 

utilize either STIPs features [6,14,15] or spatial-temporal 

constraints for action classification [13]. 

Table. 1. Recognition accuracies on the KTH dataset of different 

methods 

Method Accuracy(%) 

Laptev et al. [6] 91.8 

Savarese et al. [13] 86.8 

Bregonizo et al. [15] 93.2 

Liu et al. [16] 91.6 

Our Method 93.8 



 
Fig. 4. Confusion matrix of our proposed method on the KTH 

dataset. 
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Fig. 5. Accuracies for each category compared between the method 

with and without TF-IDF strategy on the YouTube dataset. The 

Blue bars and orange bars denote the results of the method with 

TF-IDF and without TF-IDF, respectively 

Table 1 illustrates the recognition accuracies of 

different methods.  Our proposed method achieves 93.8% in 

accuracy. We can see that our method performs better than 

methods without spatial-temporal constraint, such as [6,14] 

and [15]. What’s more, our method is superior to [13], 

which taken spatial-temporal relationship into consideration. 

It is worth noting that our method adopts a random forest 

based quantification method, which is more precise and 

faster. 

Figure 4 shows a confusion matrix between the six 

action classes of our proposed method. One can see that our 

proposed method can effectively recognize the different 

actions, while confusion occurs between category pairs such 

as running and jogging because they have almost the same 

spatial-temporal structures. 

  

3.2. YouTube Action Dataset 

 

The YouTube action dataset [12] consists of 11 action 

categories and each class of actions is separated into 25 

groups. The videos are taken in different surroundings with 

cluttered background. The large displacements of actions, 

the large intra-class varieties, small inter-class varieties also 

increase the difficulty of recognition. In some videos, 

actions are occupied by multiple persons, and these cases 

also distract the judgment for action classes. 
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Fig. 6. Confusion matrix of the proposed method with TF-IDF 

on the YouTube dataset. 

In order to evaluate the benefit of the TF-IDF strategy, 

we compare the accuracies using similarity metric method 

with and without TF-IDF in Fig. 5. One can see that the TF-

IDF strategy helps to improve the recognition accuracy. On 

most action classes, the method with TF-IDF performs better 

than without one, and achieves 23.5% improvement on the 

average accuracy. 

Fig. 6 illustrates the confusion matrix of our proposed 

method with TF-IDF on the YouTube dataset. From Fig. 6, 

one can observe that our proposed method achieves a high 

performance for most classes and the main misrecognition 

occurs on juggling and jumping. One reason is the big intra-

class variance in actions like juggling and jumping, and the 

massive distractions in the shots also lead to the 

misrecognition. 

 

4. CONCLUSION 

 

In this paper, we have proposed a spatial-temporal 

constraint-based action recognition method. The proposed 

method is advantageous in several aspects. First, the random 

forest based quantization method generated a more 

comprehensive and effective representation for action videos. 

Second, the spatial-temporal constraint improved the 

discriminative power of the traditional local interest point-

based method by introducing the spatial-temporal 

information. Third, the combination with TF-IDF strategy 

effectively decreased the negative effects caused by 

difference video lengths, background distractions, etc. The 

experiment results of action recognition on the KTH action 

dataset and YouTube action dataset have demonstrated the 

effectiveness of our method. 
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