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ABSTRACT 

The detection of human actors in scenes against static and dynamic backgrounds has gained significance in 
numerous vision-based applications. Numerous techniques were proposed to identify actors in scenes with such 
backgrounds. This work offers a technique to identify human actions with static background and changes in illumination. 
This technique applies background modeling for recognizing the foreground. The proposed approach also focuses on 
identifying actors in image sequences with static background. The proposed approach was compared with methods such as 
ViBe+, GMM and SGMM-OD. The comparisons were performed on benchmark datasets viz., KTH, CAVIAR and CDnet. 
The outcome of evaluations reveals that, this approach produces accurate and improved results. 
 
Keywords: foreground detection, illumination changes, static background. 
 
1. INTRODUCTION 

Analyzing, recognizing and understanding human 
activities by identifying trackments from image sequences 
has gained momentum owing to their importance in 
various areas such as video surveillance and human 
computer interaction systems have become necessary 
aspects of computer vision applications, including traffic 
monitoring and analysis and the understanding of human 
activities. Video surveillance systems focus on activity 
analysis, motion detection and object tracking. Problems 
often faced in action recognition include changes in 
illumination and background, occlusions, variations in the 
viewing angle, cluttered backgrounds and camera 
movements. 

The proposed approach focuses on identifying 
human actions with static background.  An accurate 
detection of the foreground remains an open problem. 
Techniques for the detection of foreground objects fall 
into three groups: background modeling, successive frame 
differencing and optical flow.  

In the proposed approach, the background is 
modeled and the foreground is detected in a precise 
manner. The approach identifies location of an activity 
within a video sequence. The approach also recognizes 
human activities by analyzing such activities from 
benchmark datasets including KTH, CAVIAR,CDnet. 

The manuscript is planned in such a way that, 
section 2 describes the previous work relevant to this field. 
The implementation details of the proposed work for static 
background is then presented in section 3.Section 4 
discusses the outcomes of the proposed approach. 
 
2. RELATED WORK 

For scenes with human action, L. Santos et al.[1] 
proposed a Dynamic Bayesian Network (DBN) model, 
which aims at attaining accuracy in terms of speed and 
segmentation. In this model, the classes are assessed using 
Bayesian inference. Here, body-part trajectories created 
from human activities are segmented temporally. This 
approach is equated with a fixed window method. The 
results of a comparison show that the method achieves a 

quick convergence time for the recognition and 
segmentation. 

H. Fradi et al.[2] developed an approach to 
improve the action detection capability for crowded 
scenes. Their space-time model conducts a filtering 
process based on the aspect ratio and height of the actor. 
The model also applies parameterization, which is 
adaptable to changing scenes. Based on the results of an 
evaluation, their approach benefits by combining crowd 
density with geometrical constraints in the detection. 

Based on sparse coding, A. Staglianò et al.[3] 
developed a method for background modeling. This 
model, which is referred to as Background Modeling 
through Dictionary Learning (BMTDL), relies on a 
dictionary, which is continuously updated. As a data-
driven method, it incorporates an online dictionary 
learning procedure and the model is updated only when 
required. As a patch-based approach, this forces a spatial 
correlation between pixels. Evaluations of this model on 
various benchmarks show that it achieves a good 
performance for various types of scenes. 

Based on observations of a pixel location, M. 
Narayana et al.[4] proposed a distribution field 
background (DFB) model. This model has applies the 
Bayes’ rule to categorizing pixels. It comprises the past 
observations and spatial neighborhood for a given pixel 
location. The DFB model has focused on the influence 
between neighboring pixels. In this way, the model shows 
an improvement over earlier pixel-based methods. 

The work proposed by H. Wu et al.[5] focused on 
tracking human actors using a surveillance system. This 
approach uses texture patterns for detecting actors under a 
stationary camera. By combining a kernel density 
assessment with an innovative ternary pattern, a 
background model for detecting foreground objects is 
built. By applying local texture patterns, objects in the 
foreground regions are detected. A spatio-color-texture 
object model assigns a unique identifier to the objects. A 
texture histogram denotes each detected object and 
recognizes various objects distinctly. 
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Based on MoG, an innovative computation 
technique for background modeling was proposed by M. 
Shah et al.[6] this model adjusts its parameters according 
to changes in a scene. By applying a SURF algorithm, it 
subdues the impressions in the foreground mask. A spatio-
temporal filter is used to improve the detection results. 
The SURF matching approach used in this model has 
shown gains over conventional color-distortion based 
shadow-detection methods. 

Based on BoW modeling, R. Melfi et al.[7] 
developed an approach to human action identification.  
This approach was built by combining textual and 3D 
gradient features. A background subtraction procedure is 
applied to separate moving silhouettes. Prominent regions 
in the video frames are processed and the features from the 
prominent regions are mined.  This approach is capable of 
processing a large number of training samples. Contrary to 
earlier methods, this approach proves that a mix of textural 
appearances and 3D gradients enhances the recognition 
precision. 

The work proposed by P. Shen [8] is an 
enhancement of the k-means clustering algorithm. Using 
traffic video, this approach was shown to be able to detect 
a vehicle flow. The approach adopts a background update 
algorithm to detect the vehicle targets within the video 
frames. It then separates the detected vehicle targets. In 
terms of noise removal, the approach shows an 
improvement over the traditional k-means clustering 
algorithm. 

Applying negative-space features, a region-based 
approach was developed by S. Rahman et al.[9]. Negative 
space refers to the adjacent regions of a human silhouette.  
This approach takes a video sequence with human actions 
as input. As the first step, the given video sequence is 
segmented in the background. To separate long shadows 
from an actor, a histogram-based analysis is applied. A 
speed computation of the human body is conducted and 
negative spaces are acquired. Difficult regions are divided 
into simple regions. The shape- and position-based 
features are then separated to represent each pose. A 
comparison of the pose sequence is also conducted. Based 
on the DTW score and speed, actions are recognized using 
the nearest neighbor classifier. Compared with earlier 
approaches, this technique depends minimally upon 
segmentation and can recognize only one actor performing 
a certain action. Moreover, the method may not work 
efficiently when multiple shadows are present on one side 
of the body.  

Another method, called a Slow Feature Analysis, 
proposed by Z. Zhang and D. Tao[10], extracts slowly 
changing features to examine human movements. This 
method focuses on human-action recognition and 
comprises a collection of training cuboids, classification, 
action-feature representation and slow-feature function 
learning. The method starts by separating the slow features 
from a significant amount of training cuboids. Training 
cuboids are attained through random sampling within the 
motion boundaries. The statistical distribution of slow 
features in an action sequence is encoded using the 
Accumulated Squared Derivative (ASD) features. A linear 

support vector machine is then trained to classify the 
actions characterized by these ASD features. The results of 
an evaluation prove that, the recognition performance of 
this method is improved and is capable of recognizing 
actions by multiple people. 

Based on movement of parts of the human body, 
K. Tran et al.[11] proposed a framework for the 
recognition of human actions. Through this method, polar 
space is used to depict the pattern of movement of each 
body part. This framework uses sparse representation for 
recognition. In terms of a particular action, such a 
representation efficiently encodes the significant changes 
in movement of each body part. For recognition, this 
method uses linear subspace learning algorithms, one of 
which is a principal component analysis for maximizing 
the class separation. For recognition of the within-class 
and between-class scatter, Fisher’s linear discriminant is 
applied. Experiments conducted on different datasets show 
that this method offers a robust and precise recognition of 
multifaceted actions. 

Y. Yang et al.[12] proposed an action-recognition 
approach based on vision. This method separates the skin 
color by applying a color space model. The motion 
trajectories of the head and hands are then identified. For 
training the trajectory model, a Hidden Markov Model is 
used. Finally, the activities are identified through 
comparisons with the database. The results show that this 
method achieves a good recognition rate. 

J. Feng et al.[13] presented a method based on 
histogram contextualization. Using histograms, this 
method encodes the temporal, spatial and cross-feature 
contextual data. The authors also proposed a method for 
encoding a higher-order spatial context and ternary 
contextual histogram. Relying on a random forest, their 
work combines spatial and multi-feature contexts. To 
assist with the process of video analysis, the method fuses 
both spatial and temporal contexts. 

Based on temporal self-similarity and a fuzzy 
log-polar histogram, an innovative recognition method 
was proposed by S. Sadek et al.[14]. This method 
separates a group of consistent key points from a video 
clip. Segmentation of the video clip is then conducted. To 
depict changes in the shapes of the actions, local 
descriptors are attained based on the temporal self-
similarities of the fuzzy log-polar histograms. For this 
method, the authors also developed a novel metric to deal 
with spatial variations. Evaluations of the method show an 
improved performance. Because fuzzy concepts are 
incorporated, the method is not affected by distortions in 
shape. However, the method does have certain challenges 
in managing background clutter, occlusions and 
articulations.  

An approach to recognizing human actions in 
video sequences was presented by S. Ali and M. Shah 
[15]. Relying on multiple instance learning and kinematic 
features, this approach calculates the kinematic features 
from the optical flow of a given set of images, which 
results in spatiotemporal patterns. By applying a principal 
component analysis on the kinematic features, kinematic 
modes are calculated. To classify the actions, multiple 
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instance learning is used. This approach is quite dependent 
on the quality of the optical flow. 
 
3. PROPOSED APPROACH 

The proposed algorithm focuses on identifying 
actors in static background. Figure-1 shows an overall 
block diagram of the proposed system. 
 

 
 

Figure-1. Block diagram of the proposed approach. 
 
 The matrix representation of a frame I as given in 
equation (1). 

 
 
 
 
 
 
 
 
 (1) 
 

For a static background, ‘Inb’ represents a gray 
scale intensity of frame is taken as the background ‘b’ and 
Inf represents grayscale intensity of frame f with rr row 
and rc coloumn 
 

 (2) 
 

The difference between the current frame and the 
background frame is then computed. 
 

 (3) 
 

Based on this difference, a threshold is 
calculated.  
 

(4) 

By applying this variable threshold, the resulting 
image is transformed into a binary image,  
 

 (5) 
 
where     
 

  (6) 
 

The binary image is then converted into a 
Boolean image. Boolean image is then fed as input into the 
bounding box algorithm, which is used to bound and 
identify blobs, i.e., the actors, into a rectangular shape. 
The implementation of the proposed work for static 
background is presented here. 
 
3.1 Image sequence with static background 

When there are no alterations in the background 
of an image sequence, a frame can be taken as a reference 
for the background model. The dissimilarities between the 
current frame and the reference frame are then computed. 
Using these differences, moving actors can be identified 
and a threshold value is calculated. This threshold value 
can be applied to remove any existing noise and obtain a 
binary image. This binary image is then converted into a 
Boolean image, which is used to identify the moving 
actors. The algorithms used for detecting actors in front of 
a static background are given below. 
 
3.1.1 Algorithm for actor detection in front of static  

background 

 

Step1:   // changes the true 

color image RGB into the grayscale intensity of 

background image .  

Step 2: For = 1 to NF-1 //, NF denotes the number of 

frames.  

Step i:  // changes the true 

color image RGB into the grayscale intensity of 

frame , i.e., 

. 

Step ii: Call delta = threshold ( ). 

Step iii: Convert a binary image into a Boolean image, 
bool, by applying 

. 

Step iv: Draw a bounding box to detect an actor. 

3.1.2 Algorithm for applying threshold ( ): 
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Step 1: Find the absolute difference of  and   

.  

Step 2: Calculate the threshold using

. 

 
Step 3: In this step, a binary image is obtained. 
 

, where       

. 

 
3.1.3 Algorithm for drawing bounding box: 

 
Step 1: Find the connected regions in the given Boolean 

image. 
Step 2: Filter out smaller connected regions. 

Step 3: Identify the four corners for each region, i.e., 
blobs. 

Step 4: Mark blobs found within the frame with 
rectangles.  

 
4. RESULTS AND DISCUSSIONS 

The proposed approach applies background 
modeling for an accurate detection of actors within the 
foreground. This approach has been implemented for static 
background. The results obtained are presented below.  
 
4.1 Foreground detection with a static background 

The proposed approach detects actors conducting 
different actions such as walking, running and entering 
and exiting a shop in front of a static background. The 
approach was evaluated for these actions using different 
benchmark datasets including CDnet, KTH and CAVIAR. 
The results obtained for the detection of actors conducting 
different actions against a static background are shown in 
Figure-2. 

 
Office 

 

Pedestrian 

 
Walk 

 

Wave 

 
OneStopEnter1cor 

 

OneStopEnter1front 

 
 

Figure-2. Actor detection with a static background for different actions in 
CDnet, KTH and CAVIAR datasets. 

 
4.2Appraisal of the proposed approach for various  

metrics on different datasets 
 
4.2.1 Definitions and formulae 

The proposed approach was validated using 
different metrics including the recall, precision, F-measure 

and percentage of wrong classification (PWC). These 
metrics can be computed using the following parameters: 
True positive (TP) - picture elements (pixels) in a 
foreground object categorized as picture  
                                  elements (pixels) in the foreground 
True negative (TN) - picture elements (pixels) in a 
background object categorized as picture  

b
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                                   elements (pixels) in the background 
False positive (FP) - picture elements (pixels) in a 
background categorized as picture elements  
                                  (pixels) in the foreground 
False negative (FN) - picture elements (pixels) in a 
foreground categorized as picture  
                                  elements (pixels) in the background 
Metrics such as the PWC, precision, recall and F-measure 
(similarity measure) are calculated as follows.                    

 

Precision  

Recall   

F-measure  

 
4.2.2 Graphical representation of results on different  

datasets:   
The proposed approach was assessed for different 

metrics based on various datasets such as CAVIAR, 
CDnet.  Figure-3 and Figure-4 provide graphical 
representations of the results obtained. 

 

 
 

Figure-3. Graph depicting the precision, recall and F-measure metrics for the CAVIAR dataset. 
 

 
 

Figure-4. Graph representing the precision, recall and F-measure metrics for the CDnet dataset. 
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For the proposed technique, the CAVIAR dataset 
was applied for specific reasons, i.e., it helps in finding 
solutions to problems pertinent to a cognitive vision 
approach and offers data for spatio-temporal activities. 

Because the proposed method focuses on 
detecting indoor and outdoor activities with changes in 
illumination, image sequences taken from CDnet were 
applied. CDnet is known for having a wide range of 
datasets, including video sequences with indoor and 
outdoor activities and static and dynamic backgrounds. 
 

4.2.3Evaluation of proposed approach using standard 

methods 

Relying on various metrics such as the recall, 
precision, F-measure, PWC, FPR and FNR, the proposed 
approach was also compared against other different 
techniques using the CDnet dataset. The various 
techniques used for comparison are GMM [16], GMM-SH 
[17], SGMM [18], ViBe+[19], PBAS[20], SGMM-OD[21] 
and VBgM[6]. Table-1 shows the results of the 
comparison, which indicate that the proposed approach 
has an improved performance over the other methods. 

 
Table-1. Comparison of different metrics for various techniques and the proposed method using the CDnet data set. 

 
 

 Recall Precision F-Measure PWC FPR FNR 

GMM [16] 0.7108 0.7012 0.6624 3.1037 0.014 0.2892 

GMM-SH[17] 0.5072 0.8228 0.5904 3.1051 0.0053 0.4928 

SGMM[18] 0.7073 0.7812 0.7008 2.5311 0.009 0.2927 

ViBe+[19] 0.6907 0.8318 0.7224 2.1824 0.0072 0.3093 

PBAS[20] 0.784 0.816 0.7532 1.7693 0.0102 0.216 

SGMM-OD[21] 0.7589 0.8354 0.7576 1.589 0.0074 0.2411 

VBgM [6] 0.8306 0.8576 0.8548 1.0609 0.0051 0.1916 

Proposed Approach 0.9723 0.9936 0.98231 0.0227 0.0033 0.0193 

 
5. CONCLUSIONS 

Relevant to the field of computer vision, the 
recognition of human actions is an area of research that 
has received a great deal of attention. The approach 
proposed in this paper implements different algorithms to 
identify the actors within a scene. In this implementation, 
background modeling is applied for the input frames taken 
from a video sequence. Before identifying the actors, any 
existing noise is removed from a Boolean image. Using 
the noise-removed Boolean image, the bounding box 
algorithm is applied to identify the actors. The proposed 
approach was also compared with other techniques such as 
GMM, GMM-SH, SGMM, ViBe+, PBAS, SGMM-OD 
and VBgM using the CDnet dataset. The results of this 
comparison demonstrate that the proposed approach 
achieves a remarkable improvement. In the future, this 
work can be extended to identify actors in front of static 
and dynamic backgrounds with special attention paid to 
occlusions and camera movements. 
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