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Abstract: Background subtraction is a key part to detect
moving objects from the video in computer vision field. It is used
to subtract reference frame to every new frame of video scenes.
There are wide varieties of background subtraction techniques
available in literature to solve real life applications like crowd
analysis, human activity tracking system, traffic analysis and
many more. Moreover, therewere not enough benchmark datasets
available which can solve all the challenges of subtraction
techniques for object detection. Thus challenges were found in
terms of dynamic background, illumination changes, shadow
appearance, occlusion and object speed. In this perspective, we
have tried to provide exhaustive literature survey on background
subtraction techniquesfor video surveillance applications to solve
these challengesin real situations. Additionally, we have surveyed
eight benchmark video datasets here namely Wallflower, BMC,
PET, IBM, CAVIAR, CD.Net, SABS and RGB-D along with their
available ground truth. This study evaluates the performance of
five background subtraction methods using performance
parameters such as specificity, sensitivity, FNR, PWC and
F-Scorein order to identify an accurate and efficient method for
detecting moving objectsin less computational time.

Keywords: Background subtraction, video surveillance,
foreground detection, object detection, illumination changes,
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. INTRODUCTION

Smart video surveillance systems have become more
popular nowadays for human safety, road traffic control,
crime control and many more. It is not practically possible to
watch each and every events at every locations using man
power so these surveillance cameras plays vital role to detect
the events happened with its time and locations without
human intervention. InIndia, Automatic surveillance system
through CCTV (closed circuit television) cameras has rapidly
increased. According to industry estimates, the security &
surveillance market in India is growing 20-25% annualy,
Industry source estimate was worth Rs 8,200 crore in year
2017, reached Rs 11,000 crorein year 2018 and is expected to
touch Rs 20,000 crore in year 2020. Not every security
cameras perform better so developing an intelligent security
system with less computational cost is a great challenge in
surveillance field [1].
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Video surveillance is the most critical task to analyze the real
events for security purpose. The most common applications
of analytics of videos include: Motion detection, object
tracking, People Counting, Traffic analysis, crowd anaysis,
gait analysis and many more. Over the years, detecting and
localizing the objects in video sequences using object
detection algorithms are becoming more popular and
emerging research areain the field of computer vision. Object
detection is a way to verify the presence of an object like
Person, Tree, Pedestrian, Vehicle and more from the images
or videos and then classify the objectsfor correct recognition.
According to literature of object detection, there are mainly
two types of objects need to identify: 1) Stationary objects
and 2) Moving Objects from the video sequences. Each video
is divided in to number of frames for extracting the required
data for static or moving objects and consecutive frames
contain the correlated information about that. So the initial
step to identify the interested objects from the video is
Background modeling [2][3][4][5].

Background modelling is a way to separate the moving
objects called foreground from the background scene. Many
algorithms and methodol ogies have been proposed focusing
on the moving object detection using background modelling
for different applications. There are three main methods of
background modelling as discussed in figure 1.

Background
Modeling
I
[ | 1
Background Temporal . i
Subtraction Diffrence Optical Flow

Fig 1. Types of Background M odeling Techniques

1) Background Subtraction: To detect the region of interest
(objects) from the scene by subtracting the current
(foreground) frame pixel by pixel from a reference
(background) frame. Here one threshold value is fixed. If
resultant values are less than threshold value it is background
and otherwise it is considered as foreground. And finaly,
update the referenced image for updating the model [4] [5]
[6].

2) Temporal Difference: It is aso known as frame
differencing method. It is most common method to detect the
object when camerais moving.

It takes the difference of two consecutive frames but this
method fails when two frames have similar regions [4] [5].
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3) Optical Flow: It uses flow vectors over time to find out
interested regions in the images. Apparent velocity with its
direction of very pixel intheframeiscalculated. It is effective
but time consuming method to detect the objects[7] [8]

The aim of this study is to give comprehensive study of
traditional and recent methods involved in background
modelling specialy in Background Subtraction with their
limitationsand challenges. Many surveyed have been donein
literature but none is addressing the overal review of
background subtraction methods along with challenges,
applications, performance measures and available
benchmarks datasets at one place. With this motivation, this
paper consists of various sections such as Section 1 explains
the need of video surveillance system and basic information
of background model. Section 2 describes working of
background model and categorize them in to traditional and
advanced approaches with their limitations. Section 3
illustrates wide range of application areas of moving object
detection. In section 4, we discuss various challenges of
object detection using background subtraction methods.
Section 5 shows available benchmarks datasets and their
limitations. Section 6 and 7 present the performance
parameters in selection of background subtraction methods
for different datasets for accurate result. Section 8 discusses
about the experimental analysis and performance evaluation
of background subtraction models. Section 9  and 10
discusses the overall conclusion and future research direction
in video surveillance field.

[I. BASIC OF BACKGROUND SUBTRACTION
TECHNIQUE

Background subtraction method is commonly used for
moving object detection using static and moving camera. Itis
the initial step to separate the foreground image from the
background image called referenced image and finally update
the background model for moving object detection. The
background subtraction method could be represented
mathematically as

Bli.j) = |CF(i.j) — PF(i.j)l =T 1
where B(i,j) represents object after removal of background,
CF(ij) represents current frame, PF(i,j) represents previous
frame and T isthreshold value (0-255) which isto be set for

detecting objects.
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Fig 2. Basic Background Subtraction M odel [4]

A. Traditional M ethods of Background Subtraction
Techniques

Researchers are applying Background subtraction methods
for moving object detection from early 90’s but still many
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improvements need to be required for different applications.
In this section, we discuss various basic models, statistica
models and cluster models of background subtraction
techniques.

Basic Models use mean, average filter and histogram
methodology for background subtraction from video
sequences. Zhang and Ding [9] proposed adaptive
background updating model to segment the moving
foreground objects from background which continualy
changes. So we need to update the background scene
continuously. They have used morphology operations to
avoid noise from video sequences. Pai et a [10] proposed a
method for vehicle and pedestrian detection with their
walking style by taking the difference between referenced
image with current image pixel by pixel and then apply
median filter on output image for noise removal. They used
ellipse shape contour extraction method for shadow removal.
This method fails if pedestrian wear same color of dress
matches with background images and found one out of 9
pedestrian is detected as non-pedestrian. Even vehicles with
same color of road surface did not pass the entropy limit.
Surendra et a [11] proposed a method using adaptive
modelling using dynamic update of threshold value to detect
vehicles from the monocular images of traffic video
sequences. Authors used grey level intensity wise
segmentation approach to detect vehicles from video
sequences. V ehicles have same intensity as road surface were
not correctly classified. Also if relative motion between
vehicles is small which leads to wrong counting of vehicles.
This method also fails when moving vehicles are overlapped
in successive videos scenes. Qin et al [12] proposed a method
using self-adaptive background updation with histogram
analysis to track the moving vehicles from the video
sequences size 320*240. They used twice time morphology
operation for noise removal. This method is useful to detect
the objects even if high illumination and intensity. The
computation time per frame ranges from 0.085 to 0.135s,
depending on the image quality and the number of vehicles.
Wein et al. [13] focuses on to extract static objects like left
behind objects from the video sequences using approximate
median filter with ostu threshold method. In this paper, 22
videos of 30 seconds were tested. Average accuracy rate of
stationary object detection is 92.8% which could meet red
time reguirements. This method effectively works on light
changes and shadow condition.

Statistical Models for background removal or subtraction
are mostly used in complex and cluttered environment. The
most famous statistical model is Gaussian model and then
many researchers modified the model and named as Gaussian
Mixture Model, Mixture of Gaussian, double Gaussian model
[4] [14] [15]. In addition, these papers have given a deep
study about statistical methods with their challenges and
issues. Wren et al. [16] proposed a first statistical model
using Gaussian distribution to detect person in the indoor
video sequences. It detect the object using blob detection with
YUV color space feature.
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This method fails with dynamic changes and sudden
illumination changes in the background. It is also not able to
track multiple human in a scene. In improvement of dynamic
background object detection Stauffer and Grimson [17]
proposed a multimodel Gaussian distribution where every
pixel of the image is processed with mixture of K Gaussian
function. The method focuses on two significant parameters—
learning rate and proportion of background. Authors found
the object detection agorithm worked well on considering k
between 3-5 but more or less objects were not clearly
identified. In improvement of that Zivkovic [18] proposed an
adaptive Gaussian mixture model (AGMM) with
consideration of static camera where every pixels are
efficiently updated with Gaussian parameter 4 and evaluated
the results on dynamic scene. Few authors worked on region
based segmentation using statistical model as discussed in
[19] [20]. Elgammal et a. [19] proposed a method named as
Kernel Density Estimation in which group of pixels are
processed instead of single pixel. Authors used normal kernel
functionwith GMM for Density estimation, where each single
sample of the N samples is considered to be a Gaussian
distribution itself. Thismethod is good to detect the objectsin
dynamic scene, cluttered and slow motion scene with color
information. Picardi [20] gave good comparative analysis of
statistical and basic background subtraction techniques in
terms of their computational time, speed and cost. More
research have been carried out using support vector models
for separating the foreground from the background [20] [21]
[22] inindoor and outdoor scene.

Clustering Models are also giving new direction to the
researchersin the field of background modeling to overcome
the problem of statistical methods using GMM. Sometimes
Gaussian model isrequired high computation power and more
memory. To limit this problem, Xia et a. [23] considered a
pixel as a cluster of 3D feature vector where feature vector
can be color space or other multimodal space. Each cluster is
assumed to follow Gaussian distribution but sometimes it is
not possible in practical applications. This method was
implemented on the outdoor dynamic scenes with static and
moving camera. A new approach Codebook has also been
introduced by Kim et al. [24] with good performance of object
detection in dynamic background, illumination changes and
complex environment. Other clustering methods have given
new insights to the researchers in the field of background
modelling [24] [25] [26] [27][28].

Good quality plagiarism software/ tool (Turnitin /
i Thenticate) will be used to check similarity that would not be
more than 20% including reference section. In the case of
exclusion of references, it should be less than 5%.

B. Recent Methods of Background Subtraction
Techniques

Many researchers mixed traditional methods and proposed
new methods for trying to achieve the need of accurate
moving object detection using background subtraction
methods. In this section, the following methods of
Background subtraction techniques have been discussed.

Hybrid models combine some traditional models based on
pixel and region approach for background subtraction. These
models achieve good results in dynamic background and
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illumination changesin the scene during object detection. Sun
et a. [29] combined codebook with Gaussian Mixture Model
(GMM) for human detection by finding out the outliers based
on mean vectors and covariance matrix. This method works
well in shadow removal condition also. Huang et al. [30]
proposed pixel based RGB color space with optical flow to
detect the objects in dynamic scene.

Non Parametric models are able to detect the object with
high sensitivity. These models are quicker to accept the
changes in the background subtraction process and provides
the correct results in the field of moving object detection. A
novel approach for universal background modelling was
proposed by Barnich and Droogenbroeck [31] in which
random sample based estimation for background modeling
has been used for every pixel. Thisalgorithm works only with
color pixels which are very senditive to noise and light
changing condition. This noise sensitivity limitation has been
resolved by [32].

In this section, wide varieties of background
subtraction techniques have been surveyed and categorized
them from basic model to non-parametric model under
traditional and advanced approaches as shownin Tablel.

Table|: Classification of Background Subtraction

Techniques
Approaches Background Background Subtraction
Subtraction Techniques
Model
Categories
Median, Adaptive Median,
Basic Models Approximate Median, Histogram
Analysis[9] [10] [11] [12] [13]
Traditional Gaussian Model,
Gaussian Mixture
Statistical Gaussian Model
Models Distribution | (GMM),Mixture Of
Gaussian (MOG),
Kernel Density
Estimation (KDE)
[14] [15] [16] [17]
(18] [19]
Support Support Vector
Vector Machine (SVM) [20],
Support Vector
Regression  (SVR)
[21]
Cluster Models | K-Means[23]
Codebook[24] [25] [26] [27]
Hybrid Model Sun et al. [29]
Huang et al. [30]
Advanced Non Parametric | Video Background Extractor (ViBe)
Model [31] [32]
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[1l. APPLICATIONSOF BACKGROUND
SUBTRACTION METHODS

Background subtraction methods play vital rolein the field
of background modeling for computer vision applications.
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It istheinitial step to detect the objects (static or moving)
from the video sequences. In past decade, researchersfocused
on various real applications of background modeling
supported background subtraction methods. In this section,
various applications of background subtraction methods for
moving objects detection have been discussed.

Human Actions Surveillance: In need of making smart
surveillance system, background subtraction methods are
useful for detecting human actiong/activities from the video
sequences. Human actions tracking have become an open
research area to design automatic surveillance system for
safety and security purposes. Automatic pedestrian detection
system to helps in counting total number of pedestrian on the
road aswell as Pedestrian behavior [10][16][29]. In particular
of crimes like murder, snatching, kidnapping, fighting,
terrorist attack and many more applications are discussed in
[33] [34].

Vehicle detection and traffic analysis. Various background
subtraction methods models were implemented to detect
vehicles on the road according to their shape and speed. These
models also help in monitoring total number of vehicles and
types of vehicleslike car, bike, truck, cycle etc to monitor the
traffic in cities [11][12]. Background subtraction also helps
in detecting free parking slot as well asillegal parking dot in
shopping malls.

Gestur e Recognition: Background subtraction methods help
in detecting movements of hands and body of the human to
monitor the human activities. This model is aso useful in
prediction of score in sports like Soccer or Hockey [35].
Gesture recognition applications also helpful to detect eyes,
face expressions and body positions of human.
Miscellaneous Applications: There are many areasin which
background modelling is essential. Many researchers are
working on Medical image analysis, virtual reality, aerial
view monitoring using drone, animal detection, marine object
detection and many more using background modeling.

IV. CHALLENGESOF BACKGROUND
SUBTRACTION METHODS

Object detection using background subtraction method
remains an open research area in computer vision
applications. Many methods and their improvements have
been proposed but correct detection of objects with high
speed and less computational cost is still agreat challenge. In
particular, six chalenges of background subtraction
techniques in surveillance area are discussed here.
[llumination Changes
Background model should adapt gradually changes in
appearance of the objects in a video. Intensity of the light
changes during day and night time. Sudden illumination can
also occur indoor and outdoor scene. Weather condition like
cloudy, rainy and sunny also effect on appearance of the
objects. Sometimes false detection happen due to sudden
changes in illumination. Many researchers tried to solve this
challenge for correctly detect moving objects [10] [24] [31]
[32].

Dynamic Background
In a video scene, some part of the background may contain
regular or irregular movement is called dynamic background
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and handling this challenge is a difficult task. Fountain, water
waves, flash of traffic light, waving trees are examples of
dynamic background which were solved in [16] [23] [24] [29]
[30].

Shadow Appearance

Objects may be detected with their shadow so it is difficult to
detect correct object in video sequences. It is also difficult to
segment  foreground from background with overlapped
shadows of the objects. Shadow appearance is a great
challenge and many researchers proposed methods to remove
shadow from the scene [10] [20] [37].

Occlusion

When one object is hidden behind the other objectsis called
occlusion. It occursin real life situation like two people are
walking, car is under the bridge or object is appear and
disappear again. In this challenge, we have some information
about the object on the basis of that entire information will be
extracted. Occlusion may be partial (when small part of the
object is overlapped with other objects) or full (when entire
object is overlapped). Occlusion may affect the computation
time of the surveillance system. Researched proposed various
method to solve this challenge still lot to be done [10] [40]
[41] [42] [43].

Speed of Moving Objects

The speed of the objects for background modeling is an
important factor. If speed of moving objects in video
sequences is slow then few methods fail to detect the correct
objects and if object’s speed is too fast then a trail of ghost
region remains in the detected background [20] [38].

Clutter

When foreground contains lots of noise and unwanted things
so it is difficult to segment the objects from the scene. It is
difficult to design a system which is reliable to detect the
object from the clutter scene. Many methods were proposed
which require lots of improvements [19] [36] [39].

This journal uses double-blind review process, which
means that both the reviewer (s) and author (s) identities
concealed from the reviewers, and vice versa, throughout the
review process. All submitted manuscripts are reviewed by
three reviewer one from India and rest two from overseas.
There should be proper comments of the reviewers for the
purpose of acceptance/ rejection. There should be minimum
01 to 02 week time window for it.

V. DATASETSFOR BACKGROUND SUBTRACTION
TECHNIQUES

Even though no single dataset available which covers all
the challenges and applications of background modeling.
There are varieties of datasets with different applications
available for same context [3] [51]. In this section, we try to
summarize available video datasets with ground truth and
background subtraction techniques for object detection and
activity analysis. Ground truth in dataset is used to check the
accuracy of the techniquesin real world. Here, we discussed
8 video datasets and techniques which used these dataset
particularly for moving object detection.
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Wallflower

This is the benchmark dataset to detect the moving objects
from video sequences. It contain test images which is to be
used for detecting the foreground objects. Wallflower dataset
isgenerally used for video surveillance applications. In paper
[44], wallflower dataset were used with 7 videos of
indoor/outdoor scenes containing 16,158 frames and 10
different BGS methods were evaluated. Ground truth is
provided in the form of binary mask to segment foreground
and background pixels.

PETS (Performance Evaluation of
Surveillance) Dataset

PETS 2000 dataset contains outdoor scene to track human
and vehicle. It contains 3672 frames for training and 1452
framesfor testing. No ground truth isavailable. PETS 2001 is
more significant than PETS 2000. It contains multi view data
for tracking vehicle and human. The available ground truth is
bounding box in the image. Likewise we have PETS 2006,
PETS 2009 to PETS 2017. In PET 2017, total 15043 frames
for training and 18221 framesfor testing. In paper [45], PETS
dataset is available on which various BSG methods were
tested.

BMC Dataset

Background modeling challenge (BMC) dataset is designed
to extract moving objects as foreground from the background.
This benchmark dataset is widely used to evaluate various
BGS agorithms with different performance parameters. The
ground truth of BMC dataset is pixel label to test the accuracy
of the methods. In paper [46], 20 urban video sequences were
captured which describes weather conditions like cloudy with
noi se or without noise, foggy with noise etc. they have tested 6
basics BGS agorithms on captured video of BMC dataset
with different performance parameters as discussed in next
section.

SABS Dataset

Stuttgart artificial background subtraction (SABS) datasetsis
used to detect human activities at pixel by pixel label. This
dataset was designed for people detection and people
counting in indoor/outdoor scene. A method was proposed in
[47] with 9 artificial video of outdoor scene with some
background subtraction challenges. This method was tested
on SABS dataset and found good result when background is
static.

CD.Net (Change Detection) Dataset

CD.Net 2012 dataset is used for video surveillance
applications where 31 large scale videos (approx. 90,000
manually annotated frames) of different categories are
captured with pixel label ground truth [48]. CD.Net 2014 is
also for real time video surveillance system containing 21
additional videos (approx. 70,000 manually annotated
frames) with pixel label ground truth as discussed in [49].
RBG-D Dataset

Thisdataset is specially designed for moving object detection
with dense depth information. It is used to extract color
information during background modeling using depth sensor.
Depth sensor generally provides geometric information about
the video scene with pixel label ground truth. In paper [50] 4
outdoor scene with depth and color information were used to
detect moving object detection.

CAVIAR Dataset

Tracking and
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CAVIAR dataset is used for monitoring human behavior in
real life. The objective of designing this dataset is to track
human activities like walking, fighting, snatching, shopping,
entering to and exit from a shop and many more
indoor/outdoor activities. In paper [52], there were more than
20 videos captured for tracking pedestrian with ground truth
is bounded box. There were two sets of recorded video in
which initial 8000 frames are labeled as pedestrian and rest
frames for testing.
IBM Dataset
IBM dataset were created by IBM smart surveillance system
for human tracking. This dataset contain indoor/outdoor
video scenes of human activities. It is specialy designed to
crowd analysis with ground truth is bounded box. A
background subtraction method was proposed [53] and
compared with 4 video datasetslike IBM, PET, CAVIAR and
FUDAN for estimating crowd density. After experiment, it
was observed that proposed method worked well on IBM
dataset with low density crowd. Different datasets were
created for solving different challenges in context of object
detection using background subtraction methods as depicted
inTablell. Inthis context, thistable has been designed as per
the literature survey done by the authors particularly in video
surveillance system.
Table11: Available Benchmark Datasets for Background
Subtraction Challenges

Wa | PE CD.N CAV 1BM SA RG B
1Ifl T et IAR BS B- M
Datasets ow D C
er
Challenges
Illumination N N N N N
Changes
Dynamic N N N v N v N N
Background
Shadow Appearance N J N N N N
Occlusion v N N N N
Motion of Objects N N
\l

In past years, many background subtraction methods were
proposed for moving object detection to solve discussed
challenges of background subtraction techniques and these
methods were also tested on different benchmark datasets to
test the accuracy of the surveillance system. In this paper,
video dataset contains verities of real or synthetic recorded
scenes to solve few challenges of object detection but not all.
Most important no such benchmark datasets are available till
now which can solve all discussed challenges of moving
object detection using background subtraction techniques.

VI. PERFORMANCE MEASURES

Background subtraction plays most important role to
segment the foreground region from the background scene in
video surveillance system.
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Many background subtraction algorithms have been
proposed with different conditions and applications. All
algorithms have different features performance parametersto
evaluate their accuracy and performance. Performance
measures are important to identify the correct pixel in
segmentation of foreground and background from
images/videos. In past years [55] [56], researchers evaluated
wide variety of BSG algorithms with various performance
parameters but choosing the correct parameter for particular
algorithm is a great challenge. Cheung and Kamath [57]
evaluated 6 Background subtraction techniques on urban
traffic scene with weather condition but BSG methods fail to
identify color information because their dataset contains gray
images. Toyama et al [28] identified severa video
surveillance challenges with well-known dataset: wallflower.
They considered True Positive and False Positive parameters
for evaluation. In papers [20] [58] speed, memory and
accuracy are also important factors for evaluation of BGS
algorithms. In this study, we compiled many evaluation
parameters on the basis of pixel level as suggested in the
literature.

A. Parameter Description

The performance measures of Background subtraction
algorithms for moving object detection are based on the
following parameters:
True Positive (TP): Number of pixels correctly detected as
foreground
True Negative (TN): Number of pixels correctly detected as
background
False Positive (FP): Number of pixels falsely detected as
foreground
False Negative (FN): Number of pixels falsely detected as
background

However, these parameters are highly dependent on each
other like when FN decreases, FP aways increases or
vice-versa. Additionally, researchers [3][51][58][59] aso
worked on some other evaluation parameters to evaluate the
performance of agorithms for correct pixels segmentation.
These parameters are shown in Table 111,

Table- I11: Other Performance Parameter s for
Background Subtraction Techniques

Parameters Description Formula
Specificity Precision provides | TP/(TP+FN)
the information
about validity of
segmented results.

Sensitivity Recall provides the | TP/(TP+FN)
information  about
correctly identified

the pixels.
True Positive | This is used to | 1-Specificity
Rate (TPR) detect correct pixels
False Negative | This is used to | FN/(TP+FN)
Rate (FNR) detect number of

pixels which are

missed to detect as

foreground
Percentage of | To measure | ((FN+FP)/(TP+FN+FP+TN))*
Wrong incorrectly 100
Classification | classified pixels as
(PWC) foreground
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F-measure is used
to evaluate
efficiency of the
method based on
sensitivity and
specificity into a
single metric

F-measure recall > precision
F = measure = 1————

recall + precision

ROC Curve
(Receiver
Operating
Characteristic)
Analysis

The curveis plotted
between sensitivity
and specificity for
different  cut-off
points to a
particular decision
threshold

VIl. INFERENCESOF DATASETSAND
PERFORMANCE PARAMETERSFOR
BACKGROUND SUBTRACTION METHODS

After studying various background subtraction methods
along with datasets and performance parameters particularly
for video surveillance have been discussed in this section. The
following tableillustratesthe 6 datasets and their performance
parameters on which particular background subtraction
technique works and inferences have been discussed in last
column.

Table-1V: Inferences of Dataset along with
Performance Parameter s of Background Subtraction
M ethod

Datasets BGS

Methods

Performance | Inferences

Parameters

Wallflower | Toyamaet

al. [44]

FP, FN Proposed method was
compared with 10 other
BGS methods and found
better with 10509 total
number of wrong pixel
segmentation  for  object
detection

PET Young and | FNR, FPR, | Performed 7 BGS methods
Ferryman PwC on PET dataset and
[45] concluded that wallflower
linear prediction filter given
better result with FPR 0.278,
FNR 0.083 and PWC 0.181.
Here computed values are
less which shows better
performance of method

SABS Here 9 different BGS
methods are evaluated on
different SABS  video
datasets  with  different
background subtraction
challenges and found that
method proposed in [18]
gives better result with less
wrong classification  of
pixels. GMM method [17] is
a so better in dynamic scene
here

Rezaei and
Ostadabba

s[47]

F-measure,
PWC

CD.Net
2012

Here 18 different BGS
methods have been tested
using CD.Net 2012 and
found FPR vaue lies
between 0.33 to 0.66 for
shadow removal

Goyette et | TP, TN, FP,
al.[48] FN, Recal,
Specificity,
FPR, FNR,
F-Measure,
PWC,
Precision

BMC Evaluated 6 different BGS
methods on outdoor video
sequences and  found
F-measurerange varies from

0.5t00.95

Vacavant
et al.[46]

Recall,
Precision,
F-measure
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RGB-D Camplani TP, TN, FP, | Proposed method
and FN, Recal, | guarantees good object
Salgado Specificity, detection based on the
[50] FNR, combination of algorithm
F-measure, with classifier
PWC
VIII. EXPERIMENTAL SETUPAND RESULT

DISCUSSION

In this study, we compared five methods of background
subtraction on CDNet 2012 Baseline(highway) dataset [48] to
segment vehicles from the scene. There were 1700 frames of
size 320x240 resolution in which first 100 frames were used
for background initialization and rest of the frames were used
for background updation to detect the object. Ground truthis
also available for each frame. Background subtraction
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techniqgues which have been compared are (i) frame
difference with mean filter (ii) median filter with adaptive
thresholding (iii) adaptive median filter with morphology
operation (iv) average running Gaussian model (iv) Gaussian
mixture model. We used closing morphology operation of
rectangle shape with structure element size 5x5. For GMM
implementation, we have arbitrarily choosen K= 3 number of
Gaussian with learning rate 0.01.

The basic information about the input frame, background
initialization image and ground truth image of the dataset as
shown below:
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Fig 3. (@) Input frame (b) Background image (c) Ground truth

A. Segmented resultsof various background subtraction
techniques
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Fig 4.Segmented resultsfrom top to down (i) Frame difference with mean filter (ii) M edian filter with adaptive
thresholding (iii) Adaptive median filter with mor phology operation (iv) Average running Gaussian (v)
Gaussian mixture M odel
(FPR), Percentage of Wrong Classification (PWC) and

B. Performance Analysis

The background subtraction methods were compared
against the ground truth given in the dataset for segmenting

F-score were caculated for
techniques. The comparative analysis has been shown in
TableV

foreground objects from the scene. The performance
measures such as Specificity, Sensitivity, False Negative Rate
Table-V: Performance Evaluation Metricsfor BGS M ethods

background subtraction

Performance Specificity Sengitivity FNR PWC F-Score
Metrics
Techniques
FD with Mean Filter 0.0732 0.9289 0.0071 0.1353 0.0015
Median Filter with adaptive 0.9925 0.1837 0.8163 0.8896 0.3103
thresholding
Adaptive Median Filter with 0.9934 0.2060 0.7940 0.8926 0.3416
Morphology operation
Average Running Gaussian 0.9823 0.3506 0.1685 0.7501 0.2240
Gaussian Mixture Model 0.9994 0.1263 0.1370 0.7010 0.4750
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(e) F-Score Measure

The specificity of Gaussian Mixture Model (GMM) are
0.9994 which is maximum amongst other methods which
means GMM method segments the white pixels from the
background to identify the objects correctly. The percentage
of wrong classification (PWC) of GMM is 0.7010 which is
lesser than other methods such as Median Filter with adaptive
thresholding (0.8896), Adaptive Median Filter with
Morphology operation (0.8926) and Average Running
Gaussian (0.7501). The PWC value of FD using mean filter is
0.1353 and specificity value is 0.0732 due to not classify
white pixels more accurately for background subtraction.
F-Score of GMM is 0.4750 as compared to other techniques
which means GMM continuously updating the background
model to segment the objects from the scene.

IX. CONCLUSION

Video surveillance system plays key role in our life for
detecting an event for security purpose. For video analysis,
background subtraction is initial part to detect the objects
from the videos. In this work, we discussed about wide
varieties of Background subtraction techniques and
categorized them in traditional to advanced approaches. We
also studied various applications of background subtraction
methods especially for smart surveillance system. Then the
most important, challenges of BGS methods were discussed
followed by various benchmark datasets with their available
ground truth. While reviewing many background models,
performance is the most important factor. Hence, we also
discussed various performance parameters to evauate the
accuracy of the background subtraction methods. Table 2, 3
and 4 discuss overal inferences of this study where few
background subtraction methods along with datasets were
discussed with selected performance parameters to evaluate
the performance of the methods. This paper shows the
performance of five background subtraction methods such as
FD using mean filter, Median Filter with adaptive
thresholding Adaptive Median Filter with Morphology
operation, Average Running Gaussian and Gaussian Mixture
Model on CDNet 2012 Baseline(highway) dataset.
Performance of background subtraction techniques were
evaluated using five parameters like Specificity, Sensitivity,
Percentage of wrong classification, False Negative Rate and
F-Score. FNR (0.0071) and PWC (0.1353) values of FD using
mean filter are less desirable but its specificity value (0.0732)
is very less which means method is not suitable in dynamic
environment. The specificity of GMM method is 0.9994
which is better than other methods to detect the moving
objects correctly by continuously updating the background.
Hence, we can say GMM works well for segmenting the
objects from background scene but developing a smart
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surveillance system with less computational cost is il
required.

X. FUTURE RESEARCH DIRECTION

There are many open research areasin video surveillance
applications that need to be explored such as underwater
activity detection, marine life detection, food detection,
plastic detection and aerial surveillance using drone, wild life
surveillance, and many more. Now a days sports can also be
an emerging area where predicting scores with high accuracy
by visualizing player actions could be a great help in sports
field. Camera positions in surveillance applications face lots
of challenges due to static and moving state of the camera.
Though this study does not cover camera position conditions
but there are variety of background subtraction methods
available which were implemented to detect moving objects.
Video surveillance systems are not able to recognize the
objects which are very much similar and overlapped. This
situation is called occlusion where lots of work can be done.
We can devel op such methods which can detect hidden part of
the object on the basis of available information with good
accuracy with human intervention. There are lots of methods
to solve various challenges in moving object detection but
developing a novel approach that fits in various applications
and solve many challenges in once will bring new aspect in
surveillance field.
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