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Abstract: Object detection is the most important stage due to its great impact on next stages. Moving objects
detection n dynamic environment has several challenges such as dynamic background, illumination changes
(gradual, sudden), noise and etc. Traditional techniques of background moedeling do not have the ability to face
these challenges since, they can deal with a static background. Based on spectral, spatial and temporal features,
we have proposed multi-modal method to model background and detecting moving object for video surveillance
system 1t can deal efficiently with these challenges. The proposed system consists of two stages, the first one
15 construction of background model by select N frames to create group of histograms for each pixel The
second one is foreground detection and maintenance scheme for each pixel two histograms are constructed:
histogram of ACS-LBP descriptor to extract local texture patterns and histogram of hue channel to extract color
mformation. Temporal values fused within ACS-LBP histogram of mtensity. Then mamtenance scheme for
background model is implemented by using two learning rate. Experiments on video challenging sequences
illustrate the efficiency of the proposed method compared to the benchmark methods.
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INTRODUCTION

With the great development of capture and storage
devices m recent years ago, video surveillance has
become an important subject related to city security,
home, traffic analysis and etc., The amount of video data
has increased dramatically and automatic video analysis
has become necessary (Hadi and Sabah, 2015).
Background modelling and foreground detection 1s
essential step for video processing applications such as
mtelligent video surveillance, optical motion capture,
content based video retrieval, human machine interaction,
activity recognition and many other applications
(Bouwmans et al., 2014).

Methods of traditional background modelling focus
on the temporal changes between consecutive frames to
detect moving objects. Average, median and standard
deviation represent traditional methods that depend on
thresholding the difference between reference modeland
current frame such as these methods fail to deal with
challenging situations such as illumination changes,
dynamic background and noise due to it do not have the
ability to construct multi-modal background. Background
model must be robust to overcome a number of
challenges by building a multi-model and be adapting with
challenging situations (Bouwmans et al., 2014).

The methods of background model are classified into
pixel based methods and region (block) based methods,
the classification depends on the method 1s used to
construct background model. In pixel based methods each
pixel remains independent when building the model. This
case is the most common but does not take into account
temporal and spatial features. These methods are not
effective for environments that have rapid changes n the
background (Maddalena and Petrosmo, 2008).

In region (block) based methods, the frames 1s
divided mto overlapped or non-overlapped blocks, the
features associated with the block are calculated such as
correlation, covariance and histogram to model the block.
The block based methods provide high effectiveness
against background.
methods the moving object 1s segmented and produced
coarser shape than the overlapping methods. In
overlapping methods each pixel is modeled based on
features of block, the detection of moving object 1s
done at pixel level, so, the object’s shape 1s better
than non-overlapping methods (Moeslund et al., 2006;
Xue et al., 2011). Features can be categorized by their
essential properties into the following types (L1 ef al,
2004):

Spectral features can be obtained directly from the
images such as intensity and color. Spectral features are

dynamic In non-overlapping
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possible to identify changes easily if the difference in
color value between the background and foreground is
large, so, the spectral features lead to detect FP (False
Positive) due to illumination variations and to detect FN
(False Negative) when the object has same color with
background, this is called camouflage problem. Spectral
features ignore the relationships between the adjacent
pixels to the target pixel.

Spatial features (texture and edge features) help to
extract the moving object that has camouflage problem
with background in addition, these features have the
ability to handle shadow problem. They are not applicable
with dynamic background for pixel level as long as the
spatial features are variable over time. Temporal feature
represents the relationship between consecutive frames.

Literature review: Heikkila and Pietikainen (2006)
proposed local texture descriptor based on Local Binary
Pattern (LBP) to model the background and foreground
detection. Each pixel 1s modeled as set of LBP listograms
that are calculated for a region with a specific radius
around the pixel. This method work on block level
therefore the shape of object is not accurate.

Shimada and Taniguchi (2009) proposed Spatial
Temporal-Local Binary Pattern (ST-LBP) consists of two
types of background model, the first one 15 background
model of pixel level which is strong against long term
illumination changes. The second one is spatio-temporal
background model which 13 used to short term
illumination changes.

Liao et al. (2010) proposed method consists of three
stages, first stage, scale mvariant local temary pattern 1s
calculated to handle illumination changes effectively.
Second stage, Kemmel Density Estimation (KDE) is used to
model probability distributions of local pattern in pixel
level, then uses one single LBP to represent pattern
instead of histogram feature. Third stage, multi-modal
background model is used to deal with complex dynamic
background using multi-scale fusion.

Hadi and Sabah (2015) presents spatial color feature
extraction descriptor called Spatial-Color Bmary Pattern
(SCBP). The features are extracted include color and
texture information. Additionally, refine model is
constructed to enhance the boundary of moving objects.
For each pixel, multi SCBP histograms are calculated for a
region with radius around the target pixel, then the pixel in
new frame 15 labeled into foreground or background
according to matching degree between SCBP histogram
and background model, then the label is refined and the
model 1s updated.

Yuan et al. (2011) proposed Uniform Local Binary
Pattern (ULBP) with new method for thresholding to deal
with noise mterfere adaptively. The background model 1s
built by combine enhanced LBP with color information

by adopting a Mixture of Gaussian (MOG) method that
uses several models to represent the background. Finally,
LBP features vector 1s simplified to reduce time
complexity.

Wu et al. (2014) present a method to combine center
symmetric scale invariant local ternary pattern with Kernel
Density FEstimation (KDE) for constructing background
model. Then the background model is used to segment
the foreground for each new frame by comparing new
model with background model. This method execute in
pixel level to produce accurate shape.

Charles and Bilodeau (2014) present tramming-less,
single model, single update method and spatio-temporal
based  background modellmg and foreground
detection method which 1s in part consequent from the
non-parametric ViBe techmque. The maim characteristic to
spatio-temporal neighborhood analysis at this point is
that instead of solely using pixel level intensities as the
primary component to generate the reference model (in
ViBe-like model), then complement it with the output
of a modified Local Binary Similarity Pattern (L.BSP)
descriptor.

Panda and Meher (2015) proposed a methed to model
the background and segmented of foreground which
depends on oriented gradient and local binary pattern
descriptor to construct lustogram for difficult dynamic
scene. The pixels of background model are modeled as set
of vector of feature, each vector of feature 1s calculated
using pixel neighborhood. This method can be handled
multi-modal of background subtraction based Mixture of
Gaussian (MOG).

Zhang et al. (2016) present new model consists of
two layers based on codebook technique combined with
local binary pattern descriptor to seolve dynamic
background and illummation variations problem. The first
layer 1s constructed by block based codebook merging
with local binary pattern lustogram and average values of
RGB color channels. Due to of the stability of the LBP
features with related to monotonic illumination variations,
this layer can create block-wise detection results with
considerable tolerance of illumination changes. The pixel
based codebook is used to support the accuracy from the
results of the first layer which is to remove false
positive further.

MATERIALS AND METHODS

Proposed system: Background modeling and object
detection are the most important stages in the video
processing applications such as multimedia applications,
optical motion capture, video-surveillance and content
based video retrieval which aims to build and update a

8160



J. Eng. Applied Sci., 13 (Special Issue 10): 8139-8166, 2018

Fig. 1: ACS-LBP descriptor

o | x-1,y-2 | x-1,y-1 x-1,y x-1, y+1 | x-1,y+2
—/
SN Vell Central
@ckp < \Blo bk 4 X, y-2 X, y-1 pixel X, y+1 X, y+2
_\\A x+1,y-2 | x+1,y-1 xtl,y | x+1,y+1 | x+1, y+2
Codbr P W oo 2 o)
k_/ x+2,y-2 | x+2,y-1 x+2,y x+2,y+1 | x+2, y+2
statistical representation of a particular scene captured by @ ®)
. . 2 2
a camera when the camera is stationary. In proposed 8 166]72] 5049 68 1 66 | 72 | 50 | 49
o . . . 64 | 64 | 65 | 65 | 47
system, each pixel is modeled identically and this leads to 641 64 ] 686047 6
: - - - ; 2 | 55
high parallel execution speed if necessary. The main 66 [ 60| 64 | 68 ] 55 66 [ 60 ] 64 )5
: : 61 1] 61 67 | 61 | 63 | 63 | 61
components of proposed system are explamed in 67 6316
74| 711 70 | 67 | 63 74 71 | 70 | 67 | 63
CS-LBP: 1100 CS-LBP: 0110

following sections.

Average Center Symmetric Local Binary Pattern
(ACS-LBP) descriptor: Recently, Center Symmetric Local
Binary Pattern (CS-LBP) proposed by Heikkala ef al.
(2009) to describe the mformation of local texture
depending on the size of block. Tt has the ability to face
illumination variations, additionally it use to model pixel
level for moving object detection. In this study, we have
proposed Average Center Symmetric Local Binary Pattern
(ACS-LBP) descriptor which are considered as extended
and improved to CS-LBP descriptor. The average values
of pairs are compared for pixels in center symmetric
direction as shown in Fig. 1.

The average of pixels in block 1 is compared with the
average of pixels in block 5 and the average of pixels in
block 2 compared with the average of pixels m block
6 and so, on. We can calculate ACS-LBP descriptor
by Eq 1

S, = S (Avg. (x<0 and y<0)-Avg. (x>0 and y>0) 2°+
S, = S (Avg. (x<0 and y = 0)-Avg. (x =0 andy =0) 2'+
S, = S (Avg. (x<0and y>0)-Avg. (x>0 and y<0) 2°+
S, =S (Avg. (x =0 and y>0)-Avg. (x = 0 and y<0) 2°

()
The value of 5, can be equal to 1 or 0 based on Eq. 2:
lifp=t
S 2
(®) {O otherwise

The value of T is set by user, usually the value of T is
small value it produces 2* (16 binary patterns). ACS-LBP
can address noise problem at pixel level better than
CS-LBP descriptor, Fig. 2 shows how ACS-LBP descript
orcan obtain same result even with noise,on the contrary

Fig. 2: Comparison between CS-LBP and ACS-LBP
descriptors; a) Original data and b) Red pixels are
changed with noise, the value of T1s 2

from CS-LBP descriptor it obtains a different result with
noise. This method 1s also characterized by ability to
solve monotonic and linear illumination changes and
robustness on flat regions of mnage using thresholding
the differences based on T value.

In this study we have proposed a method to fuse
temporal information with spatial information at the same
time, the Eq. 1 is updated as follows:

S, =8 (Avg. { x<0 and y<0)-Avg. (x>0 and y>0) 2"+

5, =5 (Avg.
S, = S (Avg. (x = 0 and y=0)-Avg. (x = 0 and y<0) 2°+
S, = f (p{x,y.t)H{x,y.t-1)) 2*

(

S, =S (Avg. (x<0and y = 0)-Avg. (x>0 and y = 0) 2'+
(x<0 and y>0)-Avg. (x>0 and y<0) 2"+
(

(3)

The function f(p) set zero or one based on the value

of current pixel p(x, y, t), mean®x ¥.t-Dand variance
5, v t-D) as Hq. 4.

fix) = {0 if‘P(X,y, -(1) (%, v, t-l)‘<25'2 (x, y, t-D@l

h

After this change is added for ACS-LBP descriptor it

produces 2° (32 binary patterns). Estimation methed is

adopted to estimate variance and mean values for each

pixel. ACS-LBP descriptor 1s more efficient in dynamic
sceres.
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Fig. 3: Block diagram of proposed system

}T: (I'S)Et—lJrSIt (5)
o = (1-8)Ef,l+%(1t-1t_1)2 (6)

where, £ 18 a learning rate I, and I, represent current and
previous pixel values, respectively.

The approach: The main stages of background modelling
and moving object detection 1s showed in Fig. 3. The
stages in Fig. 3 are explained as following:

Construction of background model: Is achieved by
mvestment of N clean frames at the first sequence of
frames when the frames are consecutive, logically, this
suggestion of (N clean frames) is not often obtain in real
situations because of existence contmuous clutter. In
general, the model 1s prepared by means of set of tramming
frames which contain or do not contain foreground
objects. When the N frames processing is finished, the
result will be a group of modals. For each pixel,
background model consists of group of adaptive
weighted histograms k user predefined when k is
increased, this leads to better results in term of im-0, ..,
m-~k}accuracy but the time complexity and memory
requiremnents will be raised, the appropriate number of k 1s
3 which represents tradeoff between the accuracy on one
hand and time complexity and memory requirements on

the other hand.

Foreground detection: The pixels are classified as
foreground or background by comparing the similarity
measure between current frame and background model.

Background maintenance: Tn this stage the background
model is updated by using current background model,
current frame foreground mask and classification of
previous frame pixels. It 1s incremental online. The
background maintenance and foreground detection
stages are done frequently during the processing time.

In the following sections, the proposed method will be
presented in detail: After finishing the construction stage
of the background model, set of procedures are achieved
for each new frame:

¢ Convert RGB color space to HSV color space
»  ACS-LBP histogram is constructed for V channel
»  Hue channel histogram 1s constructed

In addition, set of matrices must be existed before
starting with the processing procedure, first one 1s binary
matrix of foreground mask for previous frame, due to the
learning rate of background model is updated based on
pixels classification of previous frame, the other two
matrices are mean and standard deviation which
represent history of pixel to handle global illumination
changes.

HSV (Hue, Saturation, Value) color space is used, the
images are obtained from video are RGB color space
which are converted to HSV. The motivation of using HSV
color space is high ability to separate intensity
(represented by V chamnel) from chrominance
(represented by H and S chamnels). Three component
values (RGB) decrease or increase together as the
brightness decreases or increases, respectively while one
component value (V) decrease or mcrease together as the
brightness decreases or increases whereas the other two
components (H and S) are less affected when the
lightness changes. It 15 suitable for algorithms that rely on
intensity and color information. In addition, HSV color
space has a better possibility of detecting moving
object and removing cast shadow from detected
object.

For each pixel, ACS-LBP histogram for intensity (V)
channel is computed through circular region with R radius
around the pixel, ACS-LBP histogram is used as feature
vector. The Hue channel is quantized into u levels to build
Hue histogram as show in the Fig. 4, the aim of
quantization of Hue channel is easy to calculate and
reducing the size of histogram that leads to decrease the
time complexity. Similar to feature vector of itensity
texture, an N*N pixels structuring element is used to
gather the statistic of local color of a pixel.

The motivation for using color feature represented by
histogram of quantized Hue channel to solve the problem
of texture feature Furthermore, a method based on texture
only may cause detection errors m regions of
heterogeneous texture and blank texture. The pair of
(ASC-LBP and Hue histograms) has weight symbolized
with w, and its value between [0, ..., 1], the sum of all
weights for each k model histograms equal to 1 ACS-LBP
and Hue channel histograms are calculated using N
frames at begmning of the frames sequence and the
frames are consecutive.
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Fig. 4: Example of histogram of quantized (8 levels) Hue
channel

The new histogram 1s compered with K model
histograms that related with corresponding pixel using
histogram intersection as a measure of distance as
follows:

£ min(h,, m)

: L-1 L1 (7)
m(Zl:Dhl’Zl:Dml

~eh, m) =

Where:

h = Current histogram

m = Existing histogram

1 = Index of lustogram bins

I. = Number of bins of histogram

There are many distance measures for comparing
between two histogram such as log likelihood, Chi
squared and intersection. The aim behind selects
histogram intersection is to decrease the time complexity
due to it easy to implement. Since, background model 1s
represented by ACS-LBP and Hue histograms, the final
similarity measure is obtained by using weighted
averaging as follows:

S 4 = 7.8, +H(1y)8, ()

where S;; and S; represent Hue and ACS-L.BP similarity
measures, respectively that is obtamed using Eq. 7
while y variable denotes to the weight of the importance
of color and texture features. When v variable takes high
value, this indicates to importance of texture feature
mnstead of color feature.

The pixel 1s classified as foreground when Sy ;<T for
all histograms model, new histogram model is created
mstead of histogram model with least weight. Small mitial
weight is assigned for new histogram model. In our
method, the value of mitial weight 1s 0.005 and then no
further processing is If new histogram
matches one of histograms model in this case the

needed.

processing 1s necessary. Histogram model with best
matching is adopted with new value by changing its
bins.

In most common methods of background modelling
and foreground detection are used background
maintenance scheme to update the histogram model with
same learming rate. The main problem for these methods
1s some of pixels which are misclassified as background in
current frame while are classified as foreground in
previous frame, these pixels will be used to update the
values of background histograms model and its weights
faster than required. Tn proposed method, the
maintenance method is used to update best matching of
histogram model employs two learning rates. The
selection of learning rate is based on the classification of
pixels in previous frame into background or foreground as
follows:

r?k = CLHJr(l—CL)m—k 9

Tf the value of corresponding pixel is 0 in binary matrix.
While:

m, = ph+{(1-p)m, (10)

If the value of corresponding pixel 18 1 m binary
matrix. « and P are defined by user, the idea of using two
learning reduce the effect of the
muisclassification of pixels in previous frame, therefore, the
B value is much smaller than ¢ value. The weights of
histograms model also are updated as follows:

rates 15 to

w, = o, M, +H1-a, w, (1)

where, ¢, € [0, 1]and ¢, is defined by user. For the best
matching histogram, M, = 1 otherwise equal 0. After
finishing update the weights of listograms model, then
the weights are normalized to become equal to 1. The
parameters &, « and B are controlled on speed of
adaptation. The larger values of parameters lead to faster
adaptation. In last step of background modelling, the
histograms meodel are reordered according to its weights
with descending order, then select first B, hustograms to
be the model of background as follows:

Select B, wherew +, ..., tw, =Ty (12)

where, Ty € [0, 1] and Ty is defined by user. To address
sudden global illummation change, the current frame will
be divided into equal blocks with size N>N, then the
intensity value of centers of all blocks are compared with
corresponding location in previous frame, if all locations
are changed with fixed ratio in terms of increasing or
decreasing this indicates to exist global illumination
change, if the change value larger than threshold th, and
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the values of H and S channels of blocks center have
change less than threshold th,, then the learning rates will
be updated according to ratio of change in illumination.
The aim of selecting only center of blocks mstead of all
pixels for comparing process is decreasing the time
complexity.

RESULTS AND DISCUSSION

Sequences of two videos are tested to prove the
effectiveness of proposed method, as shown in Fig. 5-7.
Gaussian of Mixture (MOG), Kernel Density Estimation
(KDE) and codebook methods are employed to compare
with the proposed method. For the experimentations,
these parameter values:

N = 1000 frames, size of block =5x5=0.005, u = 32
levels, y =07, T,=0.65, ¢ =0.01, = 0.002, &, = 0.01 and
T, =0.7.

To evaluate the performance of our method, Precision
Rate 1s used, True Negative (TN ) True Positive (TP) are
defined as the number of background/foreground pixels
that are correctly classified as background/foreground
pixels. False Negative (FIN)/False Positive (FP) are defined
as the number of background/foreground pixels that
are wmcorrectly classified as foreground/background.
So, the precision rate can be computed as following:

TP (13)

R =
TP+FP

Fig. 5: a) PETS2001 results of; b) Ground truth; ¢) Codebool;, d) MOG; ) KDE and f) Proposed method
(b)

©

Fig. 6: a) HighwayTl results of, b) Ground truth; ¢) Codebook; d) MOG; e) KDE and f) Proposed method
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Fig. 7: a) Water surface results of; b) Ground truth; ¢) Codebook; d) MOG; e) KDE and f) Proposed method

Table 1 Comparison of precision rate

Sequence name  Codebook MOG KDE Proposed method

PET82001 83.56 78.09 87.38 91.64

Highway I 61.26 75.61 55.91 89.14

Water surface 81.52 87.48 89.37 88.25
CONCLUSION

ACS-LBP is proposed to extract local texture
mnformation and to address noise problem at pixel level.
ACS-LBP characterize by low time complexity due to
produce 2' patterns. Temporal value is fused with
ACS-LBP to obtain motion mformation and color
information is combined with texture information by
welghted averaging to increase discrimination in case of
flat region. The proposed system can be applied with pixel
or block level. Frame can be divided into overlapped or
non-overlapped block depend on requirements of shape
accuracy and time complexity. Finally, temporal
mnformation addresses sudden global illummation change
effectively.
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