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Abstract — Running average method and its modified version

are two simple and fast methods for background modeling. In this
paper, some weaknesses of running average method and standard
background subtraction are mentioned. In addition, a fuzzy
approach for background modeling and background subtraction is
proposed. For fuzzy background modeling, fuzzy running average
is suggested.
Background modeling and background subtraction algorithms
are very commonly used in vehicle detection systems. To
demonstrate the advantages of fuzzy running average and fuzzy
background subtraction, these methods and their standard
versions are compared in vehicle detection application.
Experimental results show that fuzzy approach is relatively more
accurate than classical approach.

I. INTRODUCTION

Background extraction is an important part of moving
object detection algorithms that are very useful in surveillance
systems. Moving object detection algorithm will be simple
when a clean background image is available. The method of
extraction the background during training sequence and
updating it during the input frame sequence is called
background modeling. The main challenges in moving object
detection is extraction a clean background and its updating.
There are various methods for background modeling. Some of
these methods such as mean filter [1] and median filter [2]
need very huge memory capacity and some other such as
Eigen-background [3] and mixture of Gaussian [4] have more
computational complexity.

A. Background Subtraction

When the background image obtained, moving objects of
a scene can be detected using background subtraction. By
thresholding the absolute subtraction of current image frame
and background image, moving object can be detected.
Following equation shows the background subtraction formula.

8GS(i, )= 1 if||t(i,j)—BGt,.1(i,j]>ths O

0 otherwise
In this equation, I, is input frame at time t, BG,; is
background image at time t-1 and BGS is the result of
background subtraction. For a given pixel at location (i, j), if
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the result of background subtraction was zero, this pixel is a
scene pixel; else, it is a moving object pixel.

B. Running Average Method

The commonly, fastest and the most memory compact
background modeling is running average method. In this
method, background extraction is done by averaging the train
sequence. After background extraction using train sequence,
background may change during detection of moving objects.
Illumination changes are an important reason of background
changes. Because of scene illumination change, background
image must be updated in each frame. In running average
method, background is updated as follow:

BG, =a.BG, ; +(1—a)l, )

In this equation a must be in range (0,1), but its rational
values have to in range (0.5,1). If a is close to 0.5, this
method will be called short-term running average and if « is
close to 1, this method will be called long-term running
average.

From signal and system point of view, equation (2) is an
Infinite Impulse Response (IIR) filter. Therefore, running
average method is an IIR system. But, because of low
computational complexity and high memory compactness,
running average method is used in real-time systems yet
[5,6,7]. In this paper, our goal is not to eliminate this property
of running average method; our goal is to improve
performance of running average method using fuzzy theory.

A modified running average method for background
updating is as follow:

BG, = aBGy +(L—a)l, il j)—BGtil(i,j]<thu 3)
BG4 otherwise

th, is the update threshold and must be less than or equal

with thy . When th, =thg, background image will be updated

if the pixel is not detected as moving object. Modified running

average method has better performance and result with respect

to standard running average method. Nevertheless, it has some

drawbacks because of wusing hard limiter function in
background subtraction and background updating.



TABLE |
AN EXAMPLE FOR USING STANDARD BACKGROUND SUBTRACTION AND MODIFIED RUNNING AVERAGE METHOD

time (frame #) 1 2 3 4 5 6

8 9 10 11 12 13 14 15

Input gray level | 100 129 129 129 100 100

134 134 134 100 100 100 139 139

background value| 100 | 102.9 | 105.5 | 107.9 | 107.1 | 106.4

105.7 | 108.6 | 111.1 | 113.4 | 112.1 | 110.9 | 109.8 | 112.7 | 1153

detection status 0 0 0 0 0 0

0 0 0 0 0 0 0 0

time (frame #) 16 17 18 19 20 21

23 24 25 26 27 28 29 30

Input gray level | 139 | 100 | 100 | 100 | 82 32

100 100 100 100 100 80 80 80

background value| 117.7 | 1159 | 114.3 | 1129 | 1129 | 1129

112.9 | 111.6 | 1104 | 109.4 | 108.5 | 107.6 | 104.9 | 102.4 | 100.1

detection status 0 0 0 0 1 1

0 0 0 0 0 0 0 0

C. Some Weakness of Standard Background Subtraction and
Running Average Method

Some weaknesses of standard background subtraction and
modified running average method are being shown in an
example. Assume the gray level of real background for a given
pixel 1, (i, jo) is BG;(ip, jo) =100 and the gray level of real

background has estimated without error in background
extraction phase. Now, assume an input sequence
1. (ip, Jo) ={100, 129, 129, 129, 100, 100, 100, 134, 134, 134,
100, 100, 100, 139, 139, 139, 100, 100, 100, 82, 82, 82, 100,
100, 100, 100, 100, 80, 80, 80}, for t=1 to 30, « =0.9 and
th, =thy =30. There are five objects in the input sequence.

Gray levels of these objects are 129, 134, 139, 82 and 80
respectively. In first look, it seems that the first, fourth and
fifth objects that has been appeared at t=2 to t=4, t=20 to
t=22 and t=28 to t=30 will not be detected. Also two other
objects that have been appeared at t=8 to t=10 and t=14 to
t=16 will be detected by background subtraction.

Table | explains this example more. The prejudgment is
not true and only forth object will be detected as a moving
object. Although gray level of forth object is 82 and its
difference from real background gray level is less than thg. In

addition, we expected that fifth object would be detected, but
fifth object will not be detected.

The main reason of this unexpected behavior is in gray
level of first object. Gray level of first object was only 1 level
less than th, , so it was not detected. In addition, it has

damaged background gray level.

In running average method, if background image is
damaged, it will difficult to repair background, unless the real
background is appeared for a long time without any moving
object in scene. So, background updating must be performed
accurately.

Il. Fuzzy BACKGROUND SUBTRACTION

In standard background subtraction method, a hard limiter
function is used to determine a pixel is a moving object pixel
or no. We proposed to use a saturating linear function instead
of hard limiter in fuzzy background subtraction.

1 it [1(i, j)-BG, (i, j)| > th
FBGS(i, j) =11 (i, )~ BG (i, j) stherwise
th,

So, the result of fuzzy background subtraction ( FBGS )
will be a real value in range [0,1]. In real world, the

background subtraction output must be true (foreground) or
false (background). To determine a crisp value for output, we
propose binarization of fuzzy background subtraction after
passing through a low pass filter (LPF). In simple mode, a 3x3
mean filter can be used as a fast low pass filter. Therefore,
final output can computed as below:

8GS(i, )= 1 if |LPF(FBGS(i, j)) > the
V=0 otherwise

®)

Where, the th, is a threshold that determine we perform

background subtraction or not. Thresholding after low pass
filtering offers us more reliability and robustness in moving
object detection. This method can detect moving objects that
their gray level is similar to background gray level. In
addition, it can remove small noise, because of low pass filter
existence.

I11. Fuzzy RUNNING AVERAGE

Fuzzy theory can be used in running average method to
update background image. In fuzzy running average method,
& s not an overall value. It is defined for each pixel based on
value of fuzzy background subtraction. Rational value for «
have to be in range (0.5,1). Therefore, we propose following
equation to compute & in each pixel.

ali, j)=1— (L~ i Jexp(~5* FBGS(i, j)) (6)

In this equation ¢, is the minimum value for « . This
equation is not unique, so it can be changed based on
application. For real-time computation, it is better to
implement « as a look-up table. Fig. 1 shows diagram of « -
FBGS for e, =0.9.
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Fig. 1 Diagram of « - FBGS for o ;, =0.9




TABLE Il
AN EXAMPLE FOR USING STANDARD BACKGROUND SUBTRACTION AND FUZZY RUNNING AVERAGE METHOD.

time (frame #) 1 2 3 4 5 6

8 9 10 11 12 13 14 15

Input gray level | 100 129 129 129 100 100

134 134 134 100 100 100 139 139

background value| 100 100 100 | 100.1 | 100.1 | 100.1

100.1 | 100.1 | 100.1 | 100.1 | 100.1 | 100.1 | 100.1 | 100.1 | 100.1

detection status 0 0 0 0 0 0

1 1 1 0 0 0 1 1

time (frame #) 16 17 18 19 20 21

23 24 25 26 27 28 29 30

Input gray level | 139 100 100 100 82 82

100 100 100 100 100 80 80 80

background value| 100.1 | 100.1 | 100.1 | 100.1 | 100 99.9

99.8 | 99.8 | 99.8 | 99.8 | 999 | 999 | 999 | 99.8 | 99.7

detection status 1 0 0 0 0 0

0 0 0 0 0 0 0 0

Therefore, background updating in a given pixel using
fuzzy background subtraction will be defined as below:
BG (i, j)=ali, i)BG, (i, i)+ L-a)li () ()
To show advantages of fuzzy background subtraction and
fuzzy running average, last example is being done again. This
example was defined only for one pixel not for a real frame
sequence. Therefore, performing the LPF after fuzzy
subtraction was ignored. In this example we use th, =30 and

thi =1. The result of fuzzy background subtraction and fuzzy

running average is shown in Table 1. Detection status of frame
sequence has no error using this fuzzy approach. In other
word, objects with gray level higher than 130 or lower than 70
were detected as foreground (moving object). In addition, the
background values are very near to real background value
(100).

IV. VEHICLE DETECTION USING FuzzY BACKGROUND
MODELING AND FUZZY BACKGROUND SUBTRACTION

One of the important applications of background modeling
is Vehicle Detection Systems (VDS). VDSs are used in many
traffic systems for vehicle counting [8], vehicle classification
[9], surveillance [10], traffic parameter extraction [8,11] and
exerting the traffic rules and in vehicle navigation systems
[12]. VDSs have to process input frame sequence in real-time
usually on a general-purpose processor.

Generally, VDSs [8,9,10,11,13] use background modeling
and background subtraction techniques to detect vehicles,
because the other techniques have more computational
complexity. In vehicle detection application, extensive
illumination changes (in sunset or sunrise), unexpected sudden
illumination changes (shadow of clouds or rain) and high
traffic density have the most effects on background.

The simplest background modeling method is running
average that used the lowest memory space. Because of
weaknesses of running average method that mentioned ago,
few VDSs use running average method as basic algorithm for
vehicle detection. However, some researches such as [14] were
done to improve running average.

Our proposed algorithm for vehicle detection is based on
trip-line  (trip-wire) approach. Trip-line approach is the
simulation of loop detection using image processing methods
for vehicle detection [10,14]. In trip-line approach, some
regions are selected on image as detection regions. Therefore,
only detection regions in each frame are investigated to find
vehicle in it. Trip-line approach has lower computational

complexity with respect to other approaches that process the
entire image frame. Usually, detection region is a rectangle
that its size is equal with the size of vehicle image.

In classic trip-line method, after background subtraction,
if the ratio of foreground (detected) pixels to total region
pixels in a given region are more than a threshold (th, ), the

region will detected as a region that it contains a vehicle. th,

is always between 0 to 1.

Our proposed algorithm is to use fuzzy running average as
background modeling, fuzzy background subtraction. In this
application, we used a mean of fuzzy background subtraction
outputs in entire the region without applying any LPF. This
mean value is used for decision making about existence the
vehicle in the region. If the mean value of fuzzy background
subtraction outputs is more than a threshold (such as th, ), the

region will be detected that contains vehicle.
V. EXPERIMENTAL RESULTS

To compare the fuzzy running average and fuzzy
background subtraction with classic running average and
classic background subtraction, the application of these
methods in vehicle detection is used. In experiments, a gray
level camera is used for image acquisition. The output images
are 640x480 pixels. Fig. 2 shows location of detection regions
on a sample frame.

Experiment duration is more than 2 hours in evening.
Long time experiments let us to have more fair comparison. In
addition, evening is the best time for test the VDSs, because of
extensive illumination changes and high-density traffic in
frgeway.
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Fig. 2 Location of detection region on a sample frame



In classic running average and background subtraction,
threshold and parameter values are defined as values that
shown in Table 111 by trial and error.

TABLE Il
THRESHOLDS AND PARAMETERS USED IN CLASSIC VEHICLE DETECTION

Phase Background Background | Vehicle Detection
Subtraction Updating in Region
Threshold thy a th, th,
Value 30 0.9999 | 20 0.4

To evaluate vehicle detection system, we used False
Detection Rate (FDR) and False Rejection Rate (FRR). FDR
shows the false detection error rate that system detects a
vehicle in an empty region. FRR is similar to FDR shows the
false rejection error rate that system does not detect vehicle in
an occupied region. Total error rate of VDS is summation of
FDR and FRR. The ideal VDS must have 0% FDR and 0%
FRR. Usually, vehicle's shadows and shadow of objects around
the road increase the FDR. Moreover, vehicles with gray level
similar to road's gray level increase FRR.

Generally, in real systems, decreasing the FDR causes to
increase FRR and vice versa. In trip-line based VDSs,
increasing the th, , o or th; decreases FDR and increases

FRR. Therefore, thy , o and th, were selected to minimize both

FDR and FRR by trial and error. FDR and FRR are 4% and
19% respectively. Consequently, total error rate is 23%. The
main reason of high FRR is that the illumination is reduced
continuously in evening. Therefore, discrimination between
vehicles and background is decreased. Fig. 3 shows result of
vehicle detection on a sample frame. As shown in Fig. 3,
classic running average and classic background subtraction
could not detect vehicles in region 2 and 3.
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Fig. 3 Result of vehicle detection using classic running average and classic
background subtraction.

Classic approach for vehicle detection, only detects the
vehicle in first region, because contrast of vehicle and
background is very high. But, in region 2 and 3, gray level of
vehicle is very similar to background gray level. So, vehicles
in region 2 and 3 have not been detected.

Thresholds and parameter for fuzzy vehicle detection were
selected similar to classic vehicle detection (Table 1V). In
background updating, « is computed based on equation (6)
using a look-up table.

TABLE IV
THRESHOLDS AND PARAMETERS USED IN FUZZY VEHICLE DETECTION
Background| Background | Vehicle Detection

Phase Subtraction | Updating in Region
Threshold thy A min thy
Value 30 0.9 0.4

Experiments show that FDR and FRR of fuzzy vehicle
detection are 5% and 12% respectively. It shows the total error
rate of fuzzy VDS is 6% lower than classic VDS with similar
parameters. Fig. 4 shows result of fuzzy background
subtraction on a sample frame. However, vehicle in region 3
could not be detected, but fuzzy approach could detect
vehicles in region 1 and 2.
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Fig. 4 Result of vehicle detection using fuzzy running average and fuzzy
background subtraction

Two algorithms were implemented in Microsoft C# .Net
2005 and were run on an AMD Athlon ™ 2800+ with 512 MB
RAM. Table 5 shows comparison between vehicle detection
and fuzzy vehicle detection. Total error rate of vehicle
detection and fuzzy vehicle detection are 23% and 17%
respectively. However, processing frame rate of fuzzy vehicle
detection is 22 frames per second (fps) and is about 12%
slower than vehicle detection.

TABLE V

COMPARISON BETWEEN VEHICLE DETECTION AND FUZZY VEHICLE DETECTION

FDR| FRR |Error Rate| Frame Rate
Vehicle Detection 4% | 19% 23% 25 fps
Fuzzy Vehicle Detection | 5% | 12% 17% 22 fps

VI. CONCLUSIONS

In this study, some weaknesses of classic running average
method for background modeling and background subtraction
were mentioned in an example. In addition, a fuzzy approach
for background modeling and background subtraction were



proposed. For fuzzy background modeling, fuzzy running
average was suggested.

To compare running average method and background
subtraction with their fuzzy approaches in real world, both
classic and fuzzy algorithms were implemented in vehicle
detection application. Experiments have been done in evening,
because of extensive illumination changes and high vehicle
traffic density. Experimental results show that fuzzy approach
is 6% more accurate than classic approach. However, fuzzy
vehicle detection is 12% slower than classic vehicle detection.
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