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* Short Paper 

 

Abstract: This paper reports a novel object-detection technique in video sequences. The proposed 
algorithm consists of detection of objects in illuminated and occluded videos by using object 
features and a neural network technique. It consists of two functional modules: region-based object 
feature extraction and continuous detection of objects in video sequences with region features. This 
scheme is proposed as an enhancement of the Lowe’s scale-invariant feature transform (SIFT) 
object detection method. This technique solved the high computation time problem of feature 
generation in the SIFT method. The improvement is achieved by region-based feature classification 
in the objects to be detected; optimal neural network–based feature reduction is presented in order 
to reduce the object region feature dataset with winner pixel estimation between the video frames of 
the video sequence. Simulation results show that the proposed scheme achieves better overall 
performance than other object detection techniques, and region-based feature detection is faster in 
comparison to other recent techniques.     
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1. Introduction 

Object detection is of great importance in the robotics 
and video processing field, and many researchers have 
worked on detection algorithms to design a number of 
applications, such as automated surveillance, video 
indexing, and human–computer interaction. The main aim 
of object detection is to find out the object’s position in 
different video frames of the video sequence and against 
dynamic scenes with vision sensors. Vision sensors are 
gaining importance in the various vision-based 
applications, and numerous elegant algorithms using a 
vision sensor have been proposed in the literature. Many 
approaches are based on target representation and 
localization and assume a probabilistic model for the 
object’s appearance in order to estimate its location. More 
specifically, color, shape, and salient feature descriptors of 
the object masked by an isotropic kernel are used to create 
a histogram. Section 2 discusses related works in object 
detection, with different methods and algorithms presented 
in recent years. Section 3 gives the details of the proposed 

region-based object detection scheme. In Sections 4 and 5, 
discussion of the proposed scheme to detect objects in a 
video sequence and the experimental results, respectively, 
are presented. Finally, the last section concludes this paper. 

2. Related Work 

A characteristic method is the mean shift algorithm, 
where change of the object state is obtained by finding the 
maximum of a similarity function based on color 
histograms, but other extensions of mean-shift have been 
proposed elsewhere [1, 2]. Unfortunately, the traditional 
mean-shift and other techniques have the ability to track 
only one object at a time in the video sequence. Recently, 
various feature-based object classification techniques have 
been proposed for object detection, where object features 
are represented by high-dimensional feature vectors [2]. 
However, learning of the classifiers under such a feature 
space is computationally expensive. Some other techniques 
have been proposed to detect multiple objects with feature 
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classification using graph cuts over some observations on 
the location of the objects [3]. An online semi-supervised 
boosting algorithm was proposed by Grabner et al. [4], 
which consists of bag of features with labeled and 
unlabeled training examples. This technique does not work 
well with change in object appearance, and suffers from 
the drift problem. Another gradient-based feature selection 
approach was proposed by Yu et al., with online boosting 
of features [5]. Babenko et al. [6] and Kalal et al. [7] used 
feature-based approaches for feature matching and 
detection of object features for efficient detection of 
objects. A multiple-instance learning algorithm was given 
by Babenko et al. [6] to detect objects with positive and 
negative bags of features, and an online feature learner is 
used to classify feature sets. Online object detection 
algorithms require great amounts of computational time to 
update the classifier and are inefficient in terms of 
computation time when detecting the object. To overcome 
the high computational time limitation of Lowe’s scale-
invariant feature transform (SIFT) [8], this paper 
introduces an improved method for efficient detection of 
objects with feature matching, where the object region 
feature dimension is reduced with a neural network. 

3. Object Region Extraction using the 
SIFT method 

This paper uses the SIFT keypoints for the object 
region, where each object region in an image consists of 
invariant keypoints. SIFT can be invariant to image scale 
and rotation, and it consists of four major stages: scale-
space extrema detection, keypoint localization, orientation 
assignment, and keypoint descriptor [8]. The equation to 
obtain the difference-of-Gaussian in the first stage of SIFT 
for the object region is defined as: 

 

 
( , , ) ( ( , , ) ( , , ))* ( , )

( , , ) ( , , )
D x y G x y k G x y I x y

L x y k L x y
σ σ σ

σ σ
= −
= −

     (1) 

 
where ( , , )L x y σ  is the scale space of an image obtained by 
the convolution of a variable-scale Gaussian ( , , )G x y σ  
with an input image ( , )I x y . ( , , )D x y σ  is the difference 
of Gaussians, and k is the constant multiplicative factor. 
The value of ( , , )G x y σ  in Eq. (1) is given by the 
following equation: 
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For each image frame, a number of selected object 

regions is extracted for object detection with the use of a 
SIFT keypoint descriptor. For each object region to be 
detected, an orientation histogram is formed within the 
extracted region around the keypoint. An array of 4 × 4 
histograms with eight orientation bins in each is obtained; 
thus, the size of the SIFT descriptor is 4 × 4 × 8 = 128 
dimensions. An image size of 640 × 480 contains from 200 

to 1500 SIFT descriptors. Fig. 1 shows object regions 
extracted from the first input image of the video sequence. 
The keypoint generation and feature matching proposed by 
Lowe in a high-dimensional feature space needs high 
computation; thus, the dimensions of the keypoints are 
reduced to obtain the keypoints in less time. 

4. The Proposed Scheme 

This section will detail the proposed scheme for the 
detection of objects in video sequences in illumination and 
occluded conditions. Object detection is done with feature 
estimation in the region extracted from the input image of 
the video sequence. A SIFT keypoint detection method 
provides results for object detection; it is sensitive to high 
computation in scale space extrema detection. To 
overcome this problem, the self-organizing map (SOM)-
based competitive learning method is used to reduce the 
dimensions of the object region’s high-dimension feature 
vectors. Fig. 2 gives the flow diagram of the proposed 
object-detection method. The SOM network is used for the 
visualization and abstraction of a complex feature dataset 
of object regions for the target objects and is used to map 
the high-dimensional data onto a two-dimensional map. 
SOM arranges the object region features on a two-
dimensional rectangular topological grid, which consists of 
a set of neurons to map the region features.  

 
 

   
 

  

Fig. 1. The object regions are extracted from the input 
image, and SIFT features obtained for each object are 
shown. In the above image, three objects are target 
objects to be detected in the video sequence. 
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The object region feature vector, vi, is supplied to the 
SOM network to reduce the dimensions of the region 
features, and the random value weights, wi, are modified in 
each training cycle. The SOM network consists of input 
object region feature vector 1 2{ , ,...., }i i i i T

nv v v v= with weight 
vector 1 2{ , ,...., }i i i i T

nw w w w=  distributed on an output n × n 
grid. The neurons in the SOM network are represented by 
a weight or prototype vector, which consists of the number 

of components similar to the number of input variables, i.e. 
the dimensions of the input space. For each object region 
to be detected in the video sequence, the object feature 
vector is passed as an input to the SOM network. The best 
match unit (BMU) ( )ic v can be obtained by calculating the 

Euclidean distance i iv w−  between input and weight 

vectors and can be defined as: ( ) arg min{ }.i i ic v v w= −  
After obtaining the BMU, the weight vector is updated as 
follows:  

 
 ( 1) ( ) ( ){ ( ) ( )},i i i i

ciw t w t h t v t w t+ = + −      (3) 
 

where t is the discretized time; t = 0, 1, 2,… and ( )cih t is 
the neighborhood function defined as:  
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where ri and rc are the position vectors of the unit i and the 
BMU, respectively. sα is a decreasing constant coefficient 
within the range 0 1sα< < , and ( )tσ  is defined as 

( ) ( 1) Rt t
TS

σ σ= − − . Here, (0) Rσ = , and ( ) 0.TSσ =  TS 

and R denote the number of training steps and the initial 
radius, respectively. A competitive learning method was 
used to train the network, and the Euclidean distance 
between each feature object vector and all of the weight 
vectors for a fixed number of training cycles were 
calculated and compared. Let 1 2 3( , , )ij ij ijα α α  be the input 
feature vector corresponding to pixels at ( , )m n  in the next 
video frame. For the ( , )m n th input in the network, the 
minimum distance winning neuron node is calculated, 
which is denoted by the index ( , )x y and can be obtained 
with the following equation: 
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The first two components for all the neuron weight 

vectors are updated by using the following notations: 
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for k =1, 2, and ∀  i, m ∈ {1, 2,…,M}, ∀  j, n ∈ {1, 
2,…,N}; kη  is the standard learning rate, and ,hk gkσ σ is 
the neighborhood parameters, which calculate the degree 

Fig. 2. Flow Diagram of the proposed object detection
method. 
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of cooperation in the learning process of the excited 
neurons in the vicinity of the winner neuron. For each 
training step, the new weight vectors are obtained using 
the weighted averages of the input feature vectors. The 
values are then updated. The most similar winning pixels 
in the remaining video frames are found to detect the target 
object in the video sequence. 

5. Experimental Results 

To evaluate the performance of the proposed scheme, 
640x480 indoor video sequences were used. The test video 
sequences included an illumination condition and an 
occluded condition. To detect the objects in the videos, the 
object regions were segmented, and SIFT keypoints were 
obtained. The dimensions of the candidate objects were 
reduced based on the winner calculation method using the 
SOM method. Fig. 3 shows the results of the proposed 
algorithm. 

For two different video sequences (“Illuminated Video 
Sequence” and “Occluded Video Sequence”), the proposed 
scheme provides correctly detected object regions and 
optimized features with the use of a neural network. The 
proposed detection scheme was used to detect the selected 
object in the above-mentioned video sequences, and the 
results obtained were compared with the mean-shift 
algorithm [2], the SIFT algorithm [8], the multiple instance 
learning algorithm [6], online boosting tracker, and track-
learning-detection method. The current location of the 
object trajectory provides a path for a motion estimation to 
predict the amount of overlapping in two objects. The 
parameters used for experimental purposes are given in 
Table 1. 

Table 2 compares the object detection results of the 
proposed method with a mean-shift algorithm, a SIFT 
algorithm, a multiple instance learning algorithm, an 
online boosting tracker, and a track-learning-detection 
method for various video frames. As shown in Table 2, the 
computation times of the mean-shift algorithm, SIFT 
algorithm, multiple instance learning, online boosting 
tracker, and track-learning-detection method are high when 
detecting the objects, whereas the proposed method detects 
the objects under different conditions in less time. 
Experimental results show the effectiveness of the 
proposed method in terms of computation time.  

 
Table 1. The parameters given below were used for 
experimental purposes. 

Parameters Values 
Frame size 640 X 480
Frame rate 30fps 

Video length 01:25 sec
Object number 3 

Object 1 SIFT Keypoints 68 
Object 2 SIFT Keypoints 110 
Object 3 SIFT Keypoints 170 

  
(a) Illumination 

 

  
(b) Occluded 

 

  
(c) Rotated 

 

  
(d) Scaled 

Fig. 3. Results of the proposed algorithm (a) and (b) 
show results of detecting objects in Illumination and 
occluded conditions, (c) and (d) show results of 
detecting objects under rotation and scaling 
conditions.  

 
 

Table 2. The average computation times for 
“Illuminated Video Sequence” and “Occluded Video 
Sequence” with different methods are given below. 

Average Computation Time 
Method Illuminated 

Video Sequence 
Occluded Video 

Sequence 
Mean-shift method [1] 0.091206 0.093906 

SIFT method [8] 0.120212 0.120215 
Multiple instance learning 

method [6] 0.227263 0.220262 

Online boosting tracker 
[4] 0.124273 0.120295 

Track-learning-detection 
method [7] 0.217269 0.190242 

Proposed method 0.010908 0.010916 
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6. Conclusion 

This paper proposed a new scheme for object detection 
in indoor video sequences to solve both illumination and 
occlusion problems. The proposed detection scheme 
achieves better overall performance than existing schemes 
in terms of computation time. Moreover, feature matching 
between the object features in the detected candidate 
regions was performed with winner pixel estimation using 
a neural network. The proposed algorithm could 
successfully detect objects in the video sequences and was 
robust under illumination and occlusion conditions. 
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