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Abstract— In computer vision application, object detection is fundamental and is an important step for video analysis. 
Several works aimed at detecting objects in video sequences, but due to fast illumination change in the visual surveillance 
system, many are not tolerant to dynamic background. In this paper, more focus is given for object detection using a pixel-
wise adaptive thresholding algorithm for an accurate detection of moving objects in video. The goal of this thresholding is to 
classify pixels as either dark or light and this algorithm is more robust to illumination changes in the images. The proposed 
algorithm is compared with existing object detection algorithms like object detection using simple background subtraction 
using global thresholding(Otsu’s method) and with an self organizing approach to object detection using HSV color 
representation model. The performance metrics used for comparing the results are Peak signal to noise ratio(PSNR), Root 
mean square error(RMSE) and sensititivity and the results showed that proposed adaptive threshold based object detection 
provides an accurate detection under varying illumination changes in the video sequence. 
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I. INTRODUCTION 
 
Object detection has become a common task 
performed in video analysis. It is commonly used in 
video surveillances, vehicle auto-navigation, motion 
capture in sports etc. Natural image sequences often 
contain one or more moving objects performing a 
series of actions in front of a background scene that is 
almost stationary. In terms of computer vision, a 
moving object is a set of foreground pixels that is not 
part of static background pixel set and changes its 
position between frames. The full potential of 
automatic surveillance systems for applications like 
content-based retrieval of surveillance video and 
detection and prediction of abnormalities will only be 
achieved if the system can be applied in an 
unconstrained environment. Some of the major 
challenges that need to be handled in such an 
unconstrained environment include changes in 
illumination, background dynamics, camera setup, 
object motion, different types of objects etc[2]. An 
object detection system should provide an accurate 
detection in the presence of the above mentioned 
challenges. The sudden variation in the scene can 
cause the background subtraction systems to 
incorrectly identify moving objects resulting in poor 
tracking for the surveillance applications. However, 
the proposed algorithm can detect all moving objects 
in the presence of sudden changes in illumination. 
 
II. BACKGROUND SUBTRACTION 

ALGORITHMS 
 
Most background subtraction techniques make the 
assumption that the observed video sequence is made 
of a static background in front of which moving 
objects are observed. Typically the basic steps in all 

background subtraction algorithms are background 
modeling, threshold selection and subtraction 
operation. Background modeling constructs a 
reference image from the background. Threshold 
selection process determines appropriate threshold 
values used in the subtraction operation to obtain a 
desired detection rate. Subtraction operation or pixel 
classification classifies the type of a given pixel, ie., 
the pixel is the part of background(including ordinary 
background and shaded background), or it is a 
moving object. 
Background subtraction methods can be summarized 
by the following formula: 

χ (s) = 1 if d I , , B > τ 
0     otherwise,

                                    (1) 

where  τ is a threshold, χ   is the motion mask at time 
t, d is the distance between I , , the colour at time t 
and pixel s, and B , the background model at pixel s. 
The main difference between various background 
subtraction methods is how B is modelled and which 
distance metric d they use. Some of the BS 
techniques are as follows: 
 
A. Basic Motion Detection 

The easiest way to model the background B is 
through a single grayscale/colour image void of 
moving objects. This image can be a picture taken in 
absence of motion [3]. The background B is 
iteratively updated as follows: 
     B , = (1 − α)B , + α. I ,                                 (2) 
where α  is a constant whose value ranges between 0 
and 1. Pixels corresponding to foreground moving 
objects can be detected by thresholding with distance 
functions like:  
      d = I , − B ,                                                      (3) 
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B. One Gaussian 
The background pixel is modelled with a probability 
density function (PDF) learned over a series of 
training frames. A pixel with low probability 
corresponds to a foreground moving object[4]. 
 
C. Minimum, Maximum and Maximum 

Interframe Difference 
Here, every background pixel s comes with a 
minimum m  ,a maximum M  , and a maximum of 
consecutive frames difference D  is observed over a 
training sequence[5]. This method labels “static” 
every pixel s whose value I ,   satisfies the following 
criteria: 
M − I , <  τdµ  or  m − I , <  τdµ            where 
τ is a user-defined threshold and dµ is the median of 
the largest interframe absolute difference over the 
entire image. 
 
D. Gaussian Mixture model 
Here multimodal PDFs is used. Stauffer and 
Grimson’s method[6], models every pixel with a 
mixture of K Gaussains. The probability of 
occurrence of a color at a given pixel s is given by:                                             
P(I , )=  ∑ w , , 풩 µ , ,  ,∑ , ,   )                            (4) 
where 풩 µ , ,  ,∑ , ,   ) is the i  Gaussain model and 
w , ,  its weight. 
 
E. Codebook-based Model 
Each color pixel is represented by HSV(Hue, 
Saturation, Value) color space[2]. For each color 
pixel, a neuronal map consisting of weight vectors is 
constructed. Initially the neuronal map is initialized 
with pixel intensity values. Then each incoming 
sample is mapped to the weight vector that is closest 
according to a suitable distance measure, and the 
weight vectors in its neighborhood are updated. The 
whole set of weight vectors acts as a background 
model that is used for background subtraction in 
order to identify moving pixels. The distance metric 
used between two pixels pi = (hi, si, vi) and pj = (hj, sj, 
vj) is as follows: 
d (pi , pj ) = ║ ( vi si cos(hi),vi si sin(hi),vi) - ( vjsj 
cos(hj),vjsjsin(hj),vj)║2                         (5) 
 
III. PROPOSED ADAPTIVE 

THRESHOLDING ALGORITHM  
 
In this paper, we focus on a pixel wise adaptive 
thresholding algorithm that detects all moving objects 
during sudden illumination changes. This algorithm 
has two stages. First stage deals with the calculation 
of integral images from the input image pixels. 
During the second stage, the integral image is used 
for computing a moving average of an s x s window 
of pixels centered around each pixel. If the value of 
the current pixel is t percent less than this average 
then it is set to black, otherwise it is set to white. 
 

A.  Integral Images 
An integral image (also known as a summed-area 
table) is a tool that can be used whenever we have a 
function from pixels to real numbers f(x,y) (ie, pixel 
intensity), and we wish to compute the sum of this 
function over a rectangular region of the image. 
To compute the integral image(as shown in figure 1), 
we store at each location, I(x,y), the sum of all f (x,y) 
terms to the left and above the pixel (x,y). This is 
accomplished in linear time using the following 
equation for each pixel, 
I(x,y)=f(x,y)+I(x−1,y)+I(x,y−1)−I(x−1,y−1)    (6)                  

 
Fig1:simpleimage(left)Integral image(right) 

 
Algorithm 1 Development of Integral Image 
1: for i = 1 to h do 
2:   sum 0 
3:   for j = 1 to w do 
4:     sum sum+in[i, j] 
5:     if i = 0 then 
6:       intImg[i, j]  sum 
7:     else 
8:       intImg[i, j]  intImg[i−1, j]+sum 
9:     end if 
10: end for 
11: end for 
 
B. Moving Average Calculation 

Once we have the integral image, the sum of the 
function for any rectangle with upper left corner 
(x1,y1), and lower right corner (x2,y2) can be 
computed in constant time using the following 
equation(as shown in Figure 2), 
∑ ∑ f(x, y) = I(x2, y2) − I(x2, y1− 1) −
I(x1− 1, y2) + I(x1 − 1, y1 − 1)       (7) 

 
Fig 2: moving average over the rectangle D 

 
Algorithm 2 Development of Moving Average 
1: for i = 1 to h do 
2:   for j = 0 to w do 
3:     x1 i−s/2  
4:     x2 i+s/2 
5:     y1  j−s/2 
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6:     y2  j+s/2 
7:     count    (x2−x1)×(y2−y1) 
8:   if x1>1&&x1<=h&& x2>1 && x2<=h    && 
y1>1&&y1<=w&&y2>1&&y2<=w 
9:sumintImg[x2,y2]−intImg[x2,y1−1]−intImg[x1−
1,y2]+intImg[x1−1,y1−1] 
10.   end if 
11:  if (in[i, j]×count) <= (sum×(100−t)/100)    then 
12:     out[i, j] 0 
13:   else 
14:     out[i, j]  255 
15:   end if 
16:  end for 
17: end for 
 
C. Updation of Background Model 

Initially the current image is taken as the background 
image. Frame difference is performed to get the 
difference image which is used for updating the 
background model for the next frame of the video. 
 Algorithm 3 Updation of Background Model  
1: for j=1 to h do 
2: for k=1 to w do 
3: imgCurrent(j,k) > imgPre(j,k) then 
4:  imgPre(j,k)= imgPre(j,k)+1 
5: else 
6: imgPre(j,k)= imgPre(j,k)-1 
7: end if 
8:end for 
9:end for 
 

IV. EXPERIMENTAL RESULTS AND 
ANALYSIS 

 
In this section we provide comparative analysis of 
three categories of moving objects detection 
techniques. They are background subtraction using 
global thresholding(Ostu’s method), a codebook 
based method using HSV color space representation 
of pixels and the proposed pixel-wise adaptive 
thresholding algorithm. The overview of 
experimental framework is given in figure 3. 

 
Fig 3: Overview of the experimental framework 

 
The performance metrics used for the comparison 
includes PSNR, RMSE and Sensitivity. All three 
techniques are evaluated for two videos freely 
available over the internet. The segmented image is 
compared with the ground truth(original) image that 
is created manually. MSE defines the distortion in the 
segmented image and is measured as the square error 
between the segmented image and ground truth 
image. PSNR defines the quality of segmented image 

and sensitivity measures the proportion of actual 
positives that is correctly identified.  
For video 1, ie., a man walking on the river side we 
obtained the following output for three techniques 
when implemented separately(Figure 5). 

 

 
Fig 4: (a)Man walking on river side(b)Its ground truth image 

 
Fig 5: Object detection using(a)Otsu’smethod(b)HSV 

method(c)Proposed adaptive thresholding method 
For video 2, ie.,a lady walking along the street we obtained the 

following output(Figure 7). 

 
Fig 6: (a)Lady walking along the street(b) Its ground truth 

image 

 
Fig 7: Object detection using(a)Otsu’smethod(b)HSV 

method(c)Proposed adaptive thresholding method 
 
Experimental results showed that the proposed 
adaptive thresholding algorithm for object detection 
has high sensitivity and signal quality(high PSNR) 
and lower noise. The results for both videos are 
summarized in table 1 and 2 respectively. 
 

Table 1: video1(Man walking on river side) 

 
Table 2: video2(Lady walking along the street) 
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CONCLUSION 
 
In this paper we highlighted different background 
subtraction algorithms for object detection and given 
more focus on adaptive thresholding algorithm for 
moving objet detection. In contrast to the traditional 
background subtraction techniques, this method can 
converge to the current background dynamics more 
rapidly and accurately. This method is highly robust 
to illumination changes. The proposed adaptive 
thresholding approach is compared on the basis of 
RMSE, PSNR and accuracy with existing techniques 
of background subtraction and HSV based object 
detection approach. Comparative results showed that 
the proposed algorithm performs well compared to 
them in most cases and it also has a higher accuracy 
and lower error. 
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