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Abstract
Detecting and tracking object is applied in diverse areas of computer vision,including video
surveillance, person tracking, vehicle navigation, and robotics. Object detection and classification is
essential prior to trackan object from a video sequence.The detectionprocess focuses on position, shape,
and size of an object and can be achieved by using various approaches such asbackground subtraction,
optical flow and spatio-temporal filtering. Once detected, the object can be categorizedusing shape-based,
motion-based, and texture-based classification techniques. Over the past decades, there has been rapid
development in the evaluation and analysis of object detection and tracking. This review highlights a
comprehensive and up to date comparisons on available techniques, the underlying ideas, and their
limitations.
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1.

Introduction

Videos are frames of images displayed sequentially in fast frequency so thatwe can sense continuity of its
content. Detecting and tracking object is an important and fast-growing area of computer vision applications,
including video surveillance, person tracking, vehicle navigation, and robotics. However, identification of a
moving object is a challenging task because of variations in appearance and poses of the object, imaging quality,
background and illumination conditions.Manycomputer vision systems take a static camera environment in
which image taken from a video sequence is divided into foreground and background objects. Specifying
standards to identify and mark foreground and background objects are difficult and problematic.But generally,
foreground objects are moving objects and everything else is background [1].Starting witha low resolution
image from video to high-level analysis, computer vision process proceeds through three steps: detection,
tracking from frame to frame, and evaluating tracking objects[2]. Objects can be anything of interest for analysis
and depicted by their shapes and appearances.Object shapes can be represented by object region, elliptical
region, silhouette (contour), part-based, skeletal models[3]. The representation of a shape derived from shape
boundary is called shape-signature.
2.

Techniques

In general, there is a correlation between the object representation, detection, and tracking.The successful
analysis of a moving object of interest from video footage depends on precise detection. The detection process
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generally occurs in two steps: object detection and object classification. The schematic representation of object
detection and classification is given in Figure 1.

Figure 1. Flow chart of object detection and classification [4]
2.1. Object detection
Object detection comprises detection of moving objects, extraction or separation from immobilized
background and recognizing the patterns. Segmentation, process of partitioning the image into some nonintersecting regions, is the essential step in detecting objects from in a video sequence[5]. Presently, most of the
segmentation methods use eithertemporal or spatial information in the image sequence. Several conventional
approaches arebackground subtraction, optical flow and spatio-temporal filtering method [4, 6].
2.1.1. Background subtraction
Background substation is widelyused method to detect moving object as foreground object from a static
background. The rationale of this approach is todetectmoving objects from the difference between the
currentframe and the reference frame (known as background image, background model or environment model)
in a pixel-by-pixel orblock-by-block fashion. This is a three stage process; background initialization, foreground
extraction, and background maintenance[7]. The methods of background subtraction to detect moving objects
are well studied and reported in the literatures [8-10]. Extracting the foreground by subtracting a background
image can be done by different methods, such as the running Gaussian average [11], temporal median filter[12],
mixture of Gaussians (MoGs)[13, 14], kernel density estimation (KDE) [15, 16].Few available methods are
discussed in the following section:
- Mixture of Gaussian (MoGs) model:Since single Gaussian model fails to accommodate the oscillating
background, Stauffer and Grimson introduced a multi-label background using a mixture of Gaussians
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(MoG)[13], which describes the probability of observing a certain pixel value, x, at time f by means of a mixture
of Gaussians:
𝐾

𝑃 𝑋𝑡 =

𝜔𝑖,𝑡 × 𝜂(𝑋𝑡 , 𝜇𝑖,𝑡 ,
𝑖=1

)
𝑖,𝑡

Where K is the number of distributions, ωi,t is an estimate of the weight of the ith Gaussian in the mixture
at time t, μi,t is the mean value of the ith Gaussian in the mixture at time t,Σi,t is the covariance matrix of the ith
Gaussian in the mixture at time t, and η is a Gaussian probability density function.
Zivkovic and Heijden providedan algorithm to compute the correct number of Gaussian distributions at
each pixel, based on their sample variation over time[17, 18].Shimada et al. presented analgorithm to control the
number of Gaussiansadaptively in order to improve the computationaltime without losingquality of the
background modelling[19].Wang et al. modelled each pixel by supportvector regression[20]. In another work,
Ridder et al. used Kalman filter for adaptive background estimation and foreground detection[21].
- Non-parametric model:Sometimes, temporal pixel sequence at any location might not follow the
default Gaussian distribution [22]. Unlike Gaussian model, the non-parametric background models do not
assume prior shape distribution. Thus, many researchers introduced non-parametric model. These models
consider the statistical behaviour of image features to segment the foreground from the background[4].
Elgammal et al. proposed model based on Kernel Density Estimation (KDE) to represent the colour distribution
of each background pixel[15].Parag et al. proposed a boosting algorithm, namely RealBoost, to select
appropriate features for the KDE methods [23]. Zhang and Xu suggested an approach that uses fuzzy integral to
fuse thetexture and color features for background subtraction[24]. In another work, a fuzzy approach using the
Choquet integral is used to get better results [25]. Kim and Kim proposed a clustering-based feature, called
Fuzzy Colour Histogram (FCH) to construct the background model[26].
- Frame differencing:Frame diﬀ erencing, popularly known as temporal diﬀ erence, uses the difference
between the video frames at time t-1 (as the background or reference image) and frame at time t[27]. It
computes the pixel wise diﬀ erence between the current frameand the previous frame to extract desired moving
objects. If the resulting difference value is greater than a threshold value, then it can be referred as foreground
object otherwise background.
𝐹𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙 = (𝐹𝑡 − 𝐹𝑡−1 ) > 𝑇
Where, Ft is the current frame at time t, Ft-1 is the previous (background) frame at time t-1, and T is the
threshold value.
- Warping background subtraction:Ko et al. modeled the background as a set of canonical images to
capture the different layers of background that appear or become occluded as background object moves.
Foreground regions are thus defined as those that cannot be modelled by some composition of some warping of
these background layers [28].
- Hierarchical background model: Chen et al. proposed a hierarchical background model (HBM) based
on segmented background images and pixel descriptors to detect and track foreground. The HBM method first
segments the background into different regions by the mean-shift algorithm and then builds region models and
pixel models. Benefiting from the background segmentation, the region models and pixel models corresponding
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to different regions can be set to different parameters. The pixel descriptors are calculated only from
neighboring pixels belonging to the same object [29].
2.1.2. Optical flow
Theoptical flow technique is a vector based approachthat can be used to identify independently moving
objects in a video such as in crowd analysis and conditions that contain dense motion [30]. The method uses
characteristics of flow vectors of moving objects over time to detect moving regions in an image sequence
[6].The key advantage is that it shows effective results to multiple objects as well as cameras when both are in
motion[31]. This technique is very sensitive towards image noise, color non-uniform lighting and motion
discontinuities. Most of the optical flow computation methods have large computational requirements[32].
2.1.3. Spatio-temporal filtering
Spatio-temporal filtering analysis is an unsupervised technique developed for detecting unusual activities
in a large video set. This method generally considers motion as a whole to characterize its spatio-temporal
distributions and utilize extremely simple features [33]. Zhong et al. proposed an algorithm which divides the
video into equal length segments. Then detects moving objects and extract motion and colour/texture histogram
for each frame, quantize every histogram into prototypes, and from which a prototype-segment co-occurrence
matrix is calculated. The approach is efficient and stable, but are susceptible to noise and variations of the
timings of the movements.
Aperformance analysis of different object detection methods based on the work of Paul et al. [4] is
summarized in Table 1.
Table 1 Comparison of object detection methods
Methods

Accuracy

Computational
time

Background subtraction
Adaptive Gaussian
Mixture model

Moderate

Moderate

Non-parametric
background model

Moderate
to high

Low to moderate

Frame differencing
(Temporal differencing)

High

Low to moderate

Warping background

High

Moderate to high

Hierarchical background
model (HBM)

High

Low to moderate

Comments

Reference

- Easy execution and good
performance
- Can capture multi-modal
states
- Not well supportive for
dynamic background
- NP Performs well in dynamic
background over MoGs
- Does not perform well in
occlusion situation
- Requires post-processing
- Good with sudden
illumination changes in
indoor environment
- Good in outdoor environment
with high background motion
- Computationally intensive in
some variation
- Uses block-based and pixelbased approaches
- Pixel-based approach is
quicker but quality is less

[13]

[15]

[34]

[28]

[29]
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Optical flow

Moderate

High

Spatio-Temporal filter

Moderate
to high

Low to moderate

- Performs well with
cameramotion
- Useful in crowd analysis
- Computational time is very
high
- Performs well with lowresolution states
- Affected by noise

[32]

[33]

2.2. Object classification
A moving object needs to be classified accurately for its recognition and further analysis. The object
classification methods can be divided into three categories: shape-based, motion-based and texture-based
methods[4].
2.2.1. Shape-based method
For classifying moving objects, different descriptions of shape such as points,boxes, silhouettes and
blobs are available.Accuracy of the classification depends on the type of classifier and the extracted object
features. In general, shape-based recognition methods find the best match between these features with a priori
statistics about the objects of interest. Kuno et al. used the extraction function based on the brightness
transformation to extract the shapes of the human silhouette patterns[35].Lipton et al. used the dispersedness
and area of image blobs asclassification metrics to classify all moving objects into three categories: humans,
vehicles and clutter [36].Wang et al. investigated human silhouettes deformations during the articulated
motionas discriminating features to implicitly capture motion dynamics. They used two signal transform
methods i.e. Discrete Fourier Transform (DFT) andDiscrete Wavelet Transform (DWT) to characterize and
recognize human motion sequences[37]. Generally motions are of two types; composite motions that can be
divided into different temporal segments and then primitive motions that cannot be further decomposed. They
focus on primitive motion recognition from short videos. Lin and Davis proposed a shape-based, hierarchical
part template matching approach to match human shapes with images to detect and segment human
simultaneously.In this approach, local part-based and global shape-template-based methods are combined to
detect and segment humans from images[38].
2.2.2. Motion-based method
This classification method uses the periodic property of the images to recognize moving objects. The
object motion characteristics and patterns are unique between objects provide a basic idea of classification.
Bobick and Davis developed a view-based approach for the recognition of human movements. The basis of the
representation is a temporal template, which is a static vector image where the vector value at each point is a
function of motion properties at the corresponding spatial location in an image sequence[39]. Efros et al.
introduced a new motion descriptor based on optical flow measurements over a spatio-temporal volume
centered on a moving figure. Any residual motion within the spatio-temporal volume is due to the relative
motions of different body parts such as limbs, head, torso etc.[31].
2.2.3. Texture-based method
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In image processing, texture analysis plays an important role for classification or segmentation of
images. A successful classification or segmentation requires an efficient description of image texture. Ojala et
al. derived a generalized gray scale and rotation invariant operator. This is known as Local Binary Pattern
(LBP). It is used in detecting the ‘uniform’ patterns for any quantization of the angular space. This operator is
very efficient and used in multi resolution analysis[40].Dalal and Triggs introduced another texture-based
method i.e. Histogram of Oriented Gradients (HOG) descriptor. This method provides excellent performance
and counts the occurrences of gradient orientation in localized portions of an image. They adopt linear SVM
based human detection as a test case for robust object recognition. First, gathered a data set which provide the
human body deformations clearly, even in difficult illumination and then applied the HOG descriptor[41].By
combining both the methods Histogram of Oriented Gradients (HOG) and Local Binary Pattern (LBP) as the
feature set, Wang et al. proposed an efficient human detection approach which is also capable of handling partial
occlusion. The occlusion likelihood map is then segmented by ‘Mean-Shift’ approach. The main demerit of this
method is the detector cannot handle the articulated deformation of people[42].
A comparison among object classification methods in terms of accuracy and computational time is
presented in Table 2.
Table 2Comparison of object classification methods
Methods
Shape-based
method

Accuracy
Moderate

Computational time
Low

Motion-based
method

Moderate

High

Texture-based
method

High

High

3.

Comments
- It is a simple pattern-matching
approach.
- It does not work well in
dynamic situations.
- It is unable to determine
internal movements well
- It does not require predefined
pattern templates.
- It fails to identify a nonmoving human
- It provides improved quality
with the expense of additional
computation time

Reference
[35-38]

[31, 39]

[40-42]

Conclusion

In this paper various detection phases for detecting an object viz. object detection and object
classification has been studied. Available methods for these phases have been reviewed and a number of
limitations and shortcomings were highlighted. The various method for object detection are background
subtraction, optical flow and spatio-temporal filtering. Again back-ground subtraction method is performed in
three different methods such as: adaptive Gaussian mixture model, non-parametric background model and frame
differencing method. Object classification can be performed using shape-based, motion-based and texture-based
method. It can be concluded that advanced study may be carried out to find more efficient algorithm to reduce
computational cost and time.
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