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Abstract— Recognizing human actions in complex scenes is 

a challenging problem due to background clutters, camera 

motion, occlusions, and illumination variations. There are 

several realistic scenarios where human action recognition 

(HAR) highlights its importance for security purpose. 

Challenges in HAR are Application Domain, Variations in 

Inter and Intra class, Background and Recording settings, 

Human variation, Action variation…etc. In this paper spatio 

temporal interest points (STIP) are located in region that 

shows a high variation of image intensity in all three direction 

(x,y,t). Spatio temporal corners are located at spatio corners 

such that they invert motion in two consecutive frame. To 

classify the frames in video we are using K-nearest neighbor 

(KNN) by loading the trained features. Experimental results 

shows the effectiveness of our model. 
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I. INTRODUCTION 

Identifying the actions being accomplished by the human in 

the video sequence automatically and tagging their actions is 

the prime functionality of intelligent video systems. 

Recognizing action from videos has not been addressed 

extensively, primarily due to the tremendous variations that 

result from camera motion, background clutter, and changes 

in object appearance, and scale the main challenge is how to 

extract reliable and informative features from the videos. 

Automatically recognizing human actions is receiving 

increasing attention due to its wide range of applications such 

as video indexing and retrieval, human-computer interaction, 

and activity monitoring. Although a large amount of research 

has been reported on action categorization, recognizing 

actions from realistic video still remains a quite challenging 

problem due to the significant intra-class variations, 

occlusion, and background clutter.  

II. CHALLENGES IN HUMAN ACTIVITY RECOGNITION 

The major applications of Human Action Recognition system 

is discussed below. 

A. Application Domain 

The activities of interest and the importance of fine details 

will vary based on the application domain. For example, for 

a surveillance system, the main interest is typically in finding 

the unusual behavior (e.g. falling down, jumping over a fence, 

etc..,) 

B. Variations in Inter and Intra class 

The performance of the system depends on the large 

variations in activity class. For example the activity walking 

and jogging will vary by only a small degree. A good human 

action recognition should be able to differentiate the activities 

of one class with another class. 

C. Learning Paradigm Usage 

A learning based approach is used to recognize different 

human activities. The main advantage is robustness to intra 

class variations. The learning paradigm usage can be either 

supervised or unsupervised based on the type of training data 

available. 

D. Occlusion 

Occluded parts either self or due to objects have a major 

effect in recognition of actions. As the features from the 

Occluded body parts are lost often, the system can end up in 

recognizing an action wrong and yet the system would be 

correct as the features from the occluded parts have a little 

effect in the output. 

E. Background and Recording settings 

Identifying the activities of human with a cluttered or 

dynamic background is difficult. The quality of a video is also 

a prime factor in deciding the performance of the system. An 

efficient activity recognition system should recognize the 

human even in the varying quality of the video and the 

cluttered background. 

F. Human Variation 

Different people will have different body size, since size of 

body varies detection of object of interest will be challenging. 

G. Action Variation 

Different people will perform action in different way thus to 

predict an action system may find difficulties. 

III. PROPOSED FRAMEWORK 

In this section, we present our framework for HAR. Fig.2 

gives an overview of the proposed recognition framework. 

Given an input video, we first adopt interest point detector to 

detect STIPs. Then, salient region detection is applied to 

suppress unwanted background STIPs and obtain valid STIPs 

with high probability, where valid STIPs mean these STIPs 

represent local features of object these features refers to a 

pattern or distinct structure found in an image for example 

corners, edges.....etc., Based on the local feature KNN 

classifier is used for the classification of video. 

 
Fig. 1: Overview of proposed recognition frame work 

A. Video to Frames 

Video that is fed as input to the system is converted into the 

frames for future processing. 
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1) STIPS Generation 

Most useful and effective approach is to extract local features 

at STIP and encode the temporal information directly into 

local feature. Videos are considered as volumes of pixels. For 

2d case, interest point structure are searched for that stable 

under rotation view point, scale and illumination change. 

Salient Region Detection: A lot of unwanted 

background STIPs are detected from complex videos due to 

background clutters and camera motion. Thus, we need 

generate huge instances to hit the valid instance. That will 

make our parameters learning inefficient. In order to prompt 

the efficiency of parameters learning, a saliency region 

detection method based on spatial prior is utilized to acquire 

saliency map that is used to suppress some unwanted 

background STIPs quickly. 

We apply spatial prior based salient region detection 

to detect salient region in statistic image. For an input video 

frame, we first segment it into several regions R = {r1, . . . , 

rc}. Then, the color histogram is built for each region to 

describe the appearance of region. 

 Region Contrast: We use spatially weighted region 

contrast which incorporates spatial information by 

introducing a spatial weighting term to increase the 

effects of closer regions and decrease the effects of 

farther regions. 

 Spatial Prior: spatial prior information is to aid saliency 

region detection since we observe that actions are more 

likely to be spatially located in center of video frames, 

especially for movie videos or videos that track objects. 

2) STIPs Suppression 

Due to background clutters and camera motion, many 

unwanted background STIPs are extracted from videos. Then, 

we need suppress STIPs to generate valid multiple instances. 

We suppress unwanted background STIPs using saliency 

maps S as follows: the STIP centered at (x, y) is selected as 

the final STIP if the saliency value at (x, y) is above the 

threshold Th. 

B. Classifier 

The k-nearest neighbor’s algorithm (k-NN) is a non-

parametric method used for classification and regression. In 

both cases, the input consists of the k closest training 

examples in the feature space. 

1) Algorithm 1: Pseudo-Code Learning Algorithm  

 Input: (ϒBi = {ϒ(I il , s)}L l=1,YBi ), i = 1, . . . , N 

 Output: w,b 

1) for j=1:m  

2) do Random choose one instance ϒ(I i l , s) ∈ ϒBi and 

compute QP solution w and b for dataset with positive 

examples (ϒBi , YBi)  

3) repeat 

4) compute outputs f = w · ϒ(I i
l , s) for all ϒ(I , s)in positive 

bags, and set ϒ(I i
l , s) = ϒ(Ii, s), where ki = argmaxI I 

∈B(w · ϒ(I il , s)) 

5) until no ki has changed during iteration; 

6) end. 

2) Algorithm 2: Pseudo-Code for Parameters Learning 

 Input: (ϒBi = {ϒ(I il , s)}Ll=1,YBi ), i = 1, . . . , N 

1) Initialize: s = k means(x,K) 

2) Repeat 

3) optimize w and b using Algorithm 1 with ϒBi ; 

4) infer latent variables s for each instance in each Bi using 

Viterbi algorithm; 

5) update ϒBi with the inferred s. 

6) until no s has changed during iteration; 

C. Datasets 

 KTH Actions Dataset: KTH actions dataset contains six 

different actions. These video clips are acted under four 

different environment. All sequences are divided into a 

training set (8 persons), a validation set (8 persons) and 

a test set (9 persons). There are 2391 video clips in total, 

1528 video clips for training and 863 video clips for 

testing. We use training set and validation set to train the 

model and present recognition accuracy on the test set.  

 UCF Sports Dataset: UCF sports dataset [34] contains 10 

action categories. This dataset consists of a set of actions 

collected from various sports which are typically 

featured on broadcast television channels such as the 

BBC and ESPN. 

 Youtube Actions Dataset: Youtube actions dataset 

contains 11 action categories: basketball shooting, 

biking/ cycling, diving, golf swinging, horse riding, 

soccer juggling, swinging, tennis swinging, trampoline 

jumping, volleyball spiking, and walking with a dog. 

This dataset is very challenging due to large variations in 

camera motion, object appearance and pose, object scale, 

viewpoint, cluttered background, illumination 

conditions, etc. 

D. Saliency Region Detection 

Fig.2 gives the saliency maps on sample frames from KTH 

actions dataset. Because of the clear background, global 

contrast based salient region detection gives the clear contour 

of human body. Fine saliency maps which clearly distinguish 

foreground and background. This is because of the large color 

histogram contrast between foreground and background. 

Although global contrast based salient region detection may 

fail to detect excellent saliency maps it reserves most STIPs 

due to our spatial prior for saliency region detection.  

 
Fig. 2: Saliency maps for sample frames from KTH actions 

1) Spatio-Temporal Interest Points Suppression 

Figure 3 gives comparisons between original STIPs and 

STIPs after suppression. A lot of unwanted background 

STIPs are detected from unconstraint videos especially when 

camera moves. After suppression, many unwanted 

background STIPs are suppressed via saliency maps. It gives 

high probability of valid STIPs selection for instance 

generation where these valid STIPs represent the movement 

of objects, not background. 

 
Fig. 3: Comparisons between original STIPs and     STIPs 

after suppression. 
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IV. EXPERIMENTAL RESULTS 

KTH Actions Dataset: We found that STIPs after suppression 

make no difference with original STIP on account of the clear 

background. Consequently, we use original STIPs to fairly 

compare with other methods on KTH actions dataset. Table 1 

gives the average accuracy of various methods. 

 
Table 1: Average accuracy on the KTH actions dataset 

Precision and recall values are taken are taken for 

performance analysis. Precision and Recall is calculated 

based on the following relation. 

 

 
Where, TP is True Positive which indicates the 

activities correctly detected and classified by the algorithm, 

FP is False Positive which designates the activities that are 

recognized and categorized by the algorithm but does not 

exist, FN is False Negative which point out the activities that 

exist but are not noticed and listed by the algorithm and TN 

is True Negative which stipulate the activities that do not 

exist and are not detected and tabulated by the algorithm.  

 
Fig. 4: precision and recall values for different actions 

Figure 4 shows the precision and recall values for 

actions like walking, jogging, running, boxing, handwaving, 

clapping.  

V. CONCLUSION 

The proposed method is able to assign activity label to the 

various activities in video scene with an accuracy of 98%.The 

values obtained from this method has  the high degree 

accuracy. The proposed method would be effective in 

analyzing activities in wide area surveillance. 

In future, there are different directions in which this 

work can evolve. Though we have created a standalone 

application for identifying actions in single known videos, an 

integrated framework can be created which can identify 

interesting activity regions as well as recognize them using 

contextual information. The method can also be extended to 

be able to correct missed detections and false positives using 

the contextual information available.  
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