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a b s t r a c t 

In computer vision, one of the ways to identify moving objects or foregrounds from a complex video 

scene is background subtraction. Two problems that usually arise in background subtraction are that of 

dynamic background and ghost effect . In this article, an efficient, adaptive, real-time, novel background 

subtraction method is proposed to handle these two problems by utilizing the classification history of 

previous frames to detect changes in a video scene. The proposed method, coined as Record Sensitive 

Background Classifier (RSBC) is an amalgamation of two models, the Adaptive Background Model (ABM) 

and the Neighbourhood Background Model (NBM), which make use of the foreground and background 

classification information of the previous frames. The novel design of the ABM considers the temporal 

history of transitions between foreground and background of a given pixel, while the novelty in NBM 

lies in considering the binary classification results of the local neighbourhood in the preceding frame. 

Several state-of-the-art methods are compared with the proposed RSBC method, over which the pro- 

posed method shows significant improvement. Because of its good performance at fast processing speeds 

the proposed method can also be used as a preliminary prioritization step for slower but high accuracy 

methods in an object tracking system. 

© 2018 Elsevier Ltd. All rights reserved. 
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1. Introduction 

Background and foreground are complementary parts of an im-

age. Background is the static or non-informative part whereas fore-

ground carries the prime ‘informative’ part of a video scene. Back-

ground subtraction (BS) is the separation of foreground from the

background of a video scene. Many computer vision applications

use BS as an initial step to identify the foreground objects in a

real-time video stream. BS algorithms work by representing the

background with an appropriate model. The set of pixels agree-

ing with the background model are labeled as background and the

set of pixels that are significantly different from the background

model are labeled as foreground. The first step in constructing a

background model is to initialize the model with some existing in-

formation, e.g. using first frame or the first few initial frames of

a video. Background maintenance is the next step that is used to

keep the background model robust and adaptive over time, thus

helping to detect the backgrounds accurately. The problems which

make BS challenging are dynamic background, moving background

objects, long time static foreground etc. An efficient BS algorithm

must be updated adaptively to make it robust against the above

mentioned complex environments. 
∗ Corresponding author. 
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Dynamic background and ghost effect are two major concerns

or a BS algorithm. Improper identification of these problematic

ituations may degrade the overall performance of the method.

 region in a video scene is said to contain dynamic background

hen pixel values of that region changes periodically, such as a

ree swaying in the wind. In the ghost effect, a background ob-

ect suddenly begins to move, as a result of which the newly ex-

osed area behind that moving object gets wrongly classified as

oreground, which then stays in that place for a long time. The

ain purpose of the proposed algorithm is to simultaneously solve

ynamic background, long time static foreground and ghost ef-

ect by constructing two background models that tackle all these

ases separately. To achieve this we consider a new type of fea-

ure, which until now has been ignored by previous algorithms,

amely the binary classification history of the previous frames,

hich helps in the update process of the background models. By

tudying the nature of the previous classification results, we focus

n correctly identifying dynamic background and ghost effect in a

ideo scene. 

In the past decades, many algorithms have been proposed

o solve the BS problem from different angles. In the statistical

iewpoint, a background is modeled considering a single Gaus-

ian by Wren, Azarbayejani, Darrell, and Pentland (1997) or us-

ng a Gaussian Mixture Model (GMM) by Stauffer and Grim-

on (1999) . Zhao, Bouwmans, Zhang, and Fang (2012) combined

ype - 2 fuzzy GMM method with Markov Random Field (MRF).

https://doi.org/10.1016/j.eswa.2018.10.025
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ubspace learning ( Zhou, Yang, Zhao, & Yu, 2014 ) is another pro-

edure that considers the spatial information for BS. Barnich and

an Droogenbroeck (2011) in their ViBe algorithm solved the

S problem using a probabilistic method. Non-parametric con-

ensus strategy (SuBSENSE) is used by St-Charles, Bilodeau, and

ergevin (2015) by considering the similarity of observed samples.

raham and Van Droogenbroeck (2016) introduced a BS method

sing convolutional neural network (CNN). All these methods con-

ider the pixel intensity values as a feature for background model-

ng. 

In this article, a new BS algorithm is proposed that uses the

ackground-foreground binary classification results of the previ-

us frames to detect certain complex background environments

hereby achieving higher performance than other algorithms which

o not track their classification history. The classification history

arries a lot of information about the background characteristics

hich can help in the efficient construction of the background

odel. Only the first frame of a video scene is required to initialize

he background model. The model is updated after a fixed time in-

erval but it keeps track of the current status in every frame. One

f the novelties of this method is that it keeps track of the total

umber of foregrounds and backgrounds (in this article foreground

nd background classification results are denoted by f and b , re-

pectively) as well as the total shift between f ’s and b ’s. Another

ovelty of this method is to use the preceding binary classifica-

ion result to check the neighbourhood of each f and if necessary

ntegrate one new background model in addition to the existing

ackground model to identify the foregrounds efficiently. The pro-

osed method, Record Sensitive Background Classifier (RSBC), uses

wo different background models for background model construc-

ion: Adaptive Background Model (ABM) and Neighbourhood Back-

round Model (NBM). The ABM can handle different challenging

ideo scene but NBM specially used to handle moving background

bjects and dynamic background. NBM removes the ghost effect

fficiently and also produces accurate results in the presence of

on-stationary background objects and static foreground objects in

 video scene. The method shows better performance in various

omplex video environments with respect to the state-of-the-art

ethods. 

This article is organized as follows. Section 2 provides a brief

iscussion of the existing BS algorithms. Motivation of the pro-

osed method are given in Section 3 . Section 4 discusses the de-

ails of the proposed method. Details of the performance evalua-

ion tools are presented in Section 5 and Section 6 gives details of

he experimental results. Conclusions and future works are given

n Section 7 . 

. Review of existing BS methods 

In computer vision, background subtraction is used as a tool to

xtract foregrounds from a video scene for the purpose of video

urveillance, object detection (people, car, boat etc.) and tracking.

ver the last few decades a variety of models from various per-

pectives have been proposed for BS. 

A statistical model for BS, using Gaussian distributions

ith mean μ and variance σ 2 as parameters, was proposed

y Stauffer and Grimson (1999) . To address the multi-modal be-

aviour of the background the authors mapped the background

nformation into a fixed number of Gaussian probability den-

ity functions ( pdf ) called GMM. This method produces good re-

ults when the video scene contains dynamic background. How-

ver, the assumption of a fixed number of Gaussian distribu-

ions to model the background is unrealistic as the number of

odes in the background distribution may vary from scene to

cene in the same video sequence and the assumed number of

aussians may be inadequate to handle allthe dynamic back-
round scenes. After that, many researchers used and modified

MM for better accuracy and effective application. Zivkovic and

an der Heijden (2006) computed the exact number of Gaus-

ian pdf s at the execution time instead of a pre-assumed num-

er proposed in GMM ( Stauffer & Grimson, 1999 ). Although

his method properly models the dynamic background, it pro-

uces erroneous results in the case of ghost effect. Tuzel, Porikli,

nd Meer (2005) considered Gaussian distributions in a layered

orm and estimated the parameters automatically using a recur-

ive Bayesian learning approach. Rajagopalan (2014) used a genetic

lgorithm to determine the optimal values of the GMM param-

ters (learning rate and background ratio) for higher accuracy. A

hareable GMM was used Chen, Wang, and Lu (2015) . The share-

ble model considers both foreground and background model and

ata points switch between the models. This method shows bet-

er accuracy over the previous BS methods which use GMM. A

ype-2 fuzzy background model was built using the GMM and MRF

y Zhao et al. (2012) which gives flexibility to the GMM. The fuzzi-

ess helps to properly fit the Gaussian model over the background

amples but the execution time increases greatly which is an im-

ediment for real-time processing. A real-time compressive sens-

ng (CS) BS method for embedded camera network is proposed

y Shen et al. (2016) . The CS-GMM structure uses random projec-

ion matrix to reduce the dimensionality of the data while retain-

ng valuable information. A fixed number of Gaussians to model

he background is still a concern for dynamic and complex back-

round environments. Elgammal, Harwood, and Davis (20 0 0) pro-

osed a non-parametric model which rely on local intensity ob-

ervations to estimate background pdf using Kernel Density Esti-

ation (KDE). To construct the background model from the his-

ogram of buffered pixel values, a large amount of memory is re-

uired for storage. Chen, Chen, Huang, and Hung (2007) construct

n asymmetric feed-forward framework which combines coarse-

evel approach with fine-level approach. The authors maintain the

odel with Gaussian mixtures and contrast histogram is used as a

eature. The asymmetric feed-forward strategy to combine coarse

nd fine background models help to identify non-stationary back-

round but this strategy unable to remove ghost effect. In the ther-

al domain, Davis and Sharma (2007) proposed a statistical BS

ethod by fusing contours from thermal and visible imagery. To

mprove the performance of the method, an A 

∗ path-constrained

s used to joining the broken segments in the fused contour im-

ge. This method is limited its scope to only extracting silhou-

ttes of people in urban settings. A colour difference histogram

nd a fuzzy c-means clustering algorithm is used by Panda and

eher (2016) to detect moving objects in a video scene. Although

his method efficiently handle dynamic background, it shows ghost

ffect and also produces erroneous results in case of shadows.

 pixel based probabilistic integrated object recognition is used

y Serratosa, Alquézar, and Amézquita (2012) . The method is ca-

able of handling full and partial occlusions with still or slowly

oving camera. All GMM based methods discussed above are un-

ble to simultaneously handle both the long time static foreground

roblem and the ghost effect problem. 

Kim, Chalidabhongse, Harwood, and Davis (2005) introduced a

odebook based model, a compressed form of the background in-

ormation based on a cylindrical colour model to recognize the

eriodic or dynamic background motion. Although the Codebook

odel detects dynamic background efficiently, it tends to pro-

uce false positives in the case of ghost effect. A parallel imple-

entation of Codebook and GMM models on a supercomputer

latform using automatic thread management with Open Multi-

rocessing (OpenMP) application programming interface is pre-

ented by Szwoch, Ellwart, and Czy ̇zewski (2016) . Karasulu and Ko-

ukoglu (2012) use entropy-based simulated annealing for BS. To

ncrease the performance of BS, this hybrid method spends a large
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amount of time to process a frame as a result of which the method

is not applicable for real-time BS. Barnich and Van Droogen-

broeck (2011) proposed a fast BS method that is based on a

probabilistic background model called Visual Background extractor

(ViBe). One uniqueness of this pixel based model is that it updates

not only by its own pixel information but also by the information

of its neighbourhood (chosen randomly) which is useful in ‘ghost’

suppression but static foregrounds get consumed by the back-

ground because of it. Van Droogenbroeck and Paquot (2012) mod-

ified the ViBe algorithm in their ViBe + algorithm by using an

adaptive distance measure proposed by Kim et al. (2005) in their

Codebook algorithm, that inhibits the propagation of background

blobs around its internal borders by using the gradient informa-

tion. Wang and Shi (2016) have proposed a blind updating proce-

dure to quickly adapt dynamic environment changes. Although this

method improves the ViBe algorithm, it still produces many false

negative results for slowly moving objects. St-Charles et al. pro-

posed the LOBSTER ( St-Charles & Bilodeau, 2014 ) and SuBSENSE

( St-Charles et al., 2015 ) methods which are based upon ViBe, to

which they added a Local Binary Similarity Pattern (LBSP) based

term into the distance function and they also used pixel level feed-

back loops to control model adaptation. SuBSENSE shows good per-

formance over a variety of complex background sequences but the

method is not applicable in real-time processing because of its

high execution time. For BS of flying targets Weng, Wang, Ho, and

Sun (2010) applied segmentation operation over two consecutive

image frames and obtained two binary images. The authors then

subtracted the two binary images to identify the moving edges of

the flying target. The detection accuracy of the flying object de-

grades in cluttered scene due to high uncertainty caused by the

clouds. Mandellos, Keramitsoglou, and Kiranoudis (2011) proposed

a pixel level system for detecting and extracting vehicles in com-

plex road scenes. The system uses the histogram-based filtering

procedure to construct the actual background but on demand back-

ground reconstruction makes the system robust under unstable

lighting, different view-angles and congestion. A BS algorithm is

proposed by Prasad et al. (2018) which detects objects in maritime

environment. Spagnolo, Leo, Distante et al. (2006) segment the

moving object using BS. In this method foreground segmentation

is done by analyzing temporal images with illumination changes.

Although this method is capable of detecting slow moving objects

with high precision, the method may mistakenly detect objects

that are motionless in the image. 

Oliver, Rosario, and Pentland (20 0 0) proposed a subspace based

BS method using dimensionality reduction by applying eigenvalue

decomposition. The authors accumulated a few initial frames and

extracted most important features of those frames using Princi-

pal Component Analysis (PCA). As the background features are

not updated periodically, it is unable to handle various complex

video environments including ghost effect. Monnet, Mittal, Para-

gios, and Ramesh (2003) used an on-line auto-regressive model

for computing fast Incremental PCA (IPCA) but it is still compu-

tationally expensive and unsuitable for real-time BS. Robust PCA

(RPCA) ( Candès, Li, Ma, & Wright, 2011 ) is an extension of PCA

that extracts the low-rank structure of the image frames to pro-

duce better results than PCA. In this method the background is

modelled by a low-rank subspace which can gradually change over

time and the moving foreground objects constitute the correlated

sparse outliers. Guyon, Zahzah, and Bouwmans (2012) used the

low-rank and block-sparse matrix decomposition method to sep-

arate foreground and background. These methods does not have a

mechanism to remove the ghost effect. An approximate RPCA tech-

nique ( Kutz, Grosek, & Brunton, 2016 ) is achieve using a dynamic

mode decomposition (DMD) method for evaluating the dynamics

of complex systems in BS. The authors used multi-resolution DMD

for further separation of dynamic content in the video on different
ime scales. This method is presented without the proof of conver-

ence to low-rank and sparse structures. 

Braham and Van Droogenbroeck (2016) introduced a BS method

sing convolutional neural network (CNN). The Background model

s estimated by extracting hierarchical features using a deep learn-

ng method and the network is trained with a scene-specific

ataset. This scene-specific dataset training limits the scope of

he model to some particular datasets. Nguyen, Pham, Ha, and

eon (2018) train a triplet network to detect the changes in a video

cene due to object motion. The authors use a data-driven ap-

roach which combines a sample-based background model (e.g.,

BAS ( Hofmann, Tiefenbacher, & Rigoll, 2012 ), SuBSENSE ( St-

harles et al., 2015 )) with a feature extractor obtained by train-

ng the network. Although this method performs well on differ-

nt video datasets, it still relies on one of the existing sample-

ased methods to train the network. Ortego, SanMiguel, and

artínez (2018) proposed a method which shows that the accu-

acy of a BS methods can be increased using an improvements on

he foreground segmentation masks. 

The interested reader is referred to survey articles ( Bouwmans,

014; Bouwmans & Zahzah, 2014; Brutzer, Höferlin, & Heidemann,

011 ), and BS libraries ( Sobral, Bouwmans, & Zahzah, 2016; Sobral

 Vacavant, 2014 ) for details on the BS field. 

In the fields of BS, researchers have been using various models

ike GMM, KDE, Codebook, probabilistic, PCA, low-rank etc. to han-

le various complex scenarios such as dynamic background mo-

ions, camouflaged objects, moving background objects, static fore-

round objects etc. in a video scene. To the best of the authors

nowledge, no BS algorithm in the literature till the present has

onsidered the binary classification history of previous frames, i.e.,

he nature of the previous foregrounds and backgrounds. In this

rticle a BS method is proposed by considering the previously sep-

rated foreground and background classification. 

. Motivation for the proposed algorithm 

Two of the biggest weaknesses of pixel based BS techniques are

he problem of “dynamic background” and the problem of “ghost

ffect”. Dynamic background is the effect in which a moving object

n the background is classified as foreground. Ghost effect occurs

hen a stationary object in the background begins to move, as a

esult of which the old position of that object is wrongly classified

s foreground. One of the novel features of the proposed method

s to track the classification history of previous frames. This clas-

ification history is then used for the purpose of model update

hich is in contrast to only tracking the history of the past ob-

erved pixel values that is currently used by most state-of-the-art

lgorithms such as Codebook ( Kim et al., 2005 ), ViBe ( Barnich

 Van Droogenbroeck, 2011 ), PBAS ( Hofmann et al., 2012 ) and

ll the PBAS derivatives like SuBSENSE ( St-Charles et al., 2015 ),

tc. The classification history of previous frames can help in the

etection of dynamic background in a video scene. In Fig. 1 , an

nnotated example shows why the classification history is so im-

ortant for detecting dynamic background. In the given figure, we

lot the absolute difference between the R channel values of the

rst 300 frames and the R channel value of the first frame, at a

xed pixel position (coordinates (123,200), marked as a red dot

nside the green circle in Fig. 1 (a). The image is taken from the

ountain01 video scene of “dynamic background” category of CD-

et dataset ( Goyette, Jodoin, Porikli, Konrad, & Ishwar, 2012 ). For

he first frame, the difference is zero. Threshold value (15) is repre-

ented by a black horizontal line. The red star (representing back-

round or b ) and green plus (representing foreground or f ) signs

ndicate that the absolute global difference ( Roy & Ghosh, 2018 )

alue is more than or less than the threshold value, respectively. In

he dynamic background environment red stars and green pluses
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Fig. 1. R channel values (coordinates (123,200)) of the first 300 frames of Fountain02 video scenes of CDnet dataset. (For interpretation of the references to colour in this 

figure, the reader is referred to the web version of this article). 

Fig. 2. Pipeline of the proposed RSBC algorithm. The first frame of a video scene is used to initialize the ABM. The rest of the frames are sub-divided into mini-batches. 

Every pixel of every frame (except the first frame) is classified by both ABM and NBM. The classification history of each mini-batch is used to generate ABM and NBM 

updating features to update both ABM and NBM adaptively. The final results are created by post-processing the classified results. 
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lternate frequently (continuous foreground or background span is

ery small). This figure shows that if the video scene contains a

omplex environment such as dynamic background where a pixel’s

alue changes very frequently, the foreground and background re-

ults also switch very often. We count the number of back and

orth switches in the classification history as a feature for adap-

ively updating the background model which can help in efficiently

etecting dynamic background. another novel feature of the pro-

osed algorithm is to tackle the ghost effect problem by consid-

ring the neighbouring pixels’ classification history in addition to

he classification history of each individual pixel. This also helps in

etecting dynamic background efficiently. 

From a theoretical perspective the importance of tracking the

revious classification history is that it allows us to simultaneously

andle both ghost effect and dynamic background without sacrific-

ng static foreground. Most of the current state-of-the-art pixelwise

S algorithms can handle dynamic background efficiently. But in

oing so they have to either sacrifice handling the ghost effect or

acrifice handling long time static foreground. Current algorithms

nd it difficult to handle all three effects simultaneously. Some

tate-of-the-art algorithms handle dynamic background by includ-

ng the pixel values of the neighbouring pixels into the background

odel. This also allows them to handle ghost effect but this also

estroys long time static foreground by misclassifying it as back-

round. On the other hand some algorithms handle dynamic back-

round by including the pixel values of a few initial frames into

he background model. But these models suffer from the disad-

antage that they cannot recognize the ghost effect. The proposed

odel by tracking the past classification history is able to iden-

ify dynamic background and ghost effect separately and thus be-

ng able to update the background models accordingly so that both

ynamic background and ghost effect are classified as background,

hile static foreground is stays properly classified as foreground. 

. Proposed method 

.1. Overview 

A diagram showing the pipeline of the sequence of movements

f the proposed RSBC method is given in Fig. 2 . In Table 1 , we de-
cribe few notations used in this article. The objective of the pro-

osed RSBC method is to identify the moving objects in a video

cene, which is done by classifying every pixel of every frame into

ne of two classes, namely, foreground or background (in this ar-

icle foreground and background classification results are denoted

y f and b , respectively). To perform this classification we need to

onstruct a background model . The term background model refers

o a mathematical construct which gives a general description the

ackground regions of any video scene and which can be used to

istinguish between the background regions from the foreground

egions of the video scene. In our pixel based method, we begin by

uilding separate background models for each pixel position of the

ideo sequence. Each of these models are first initialized by using

he first frame of the video sequence, in a way similar to some pre-

ious methods such as ViBe ( Barnich & Van Droogenbroeck, 2011 ),

BAS ( Hofmann et al., 2012 ), SuBSENSE ( St-Charles et al., 2015 )

lgorithms. All pixel values of the subsequent frames (referred to

s test frames henceforth) are used for moving object detection

nd also for updating the background models. To detect moving

bjects, each pixel of every test frame (referred to as a test pixel

enceforth) is classified into f or b by matching it with the cor-

esponding background model (using certain matching criteria de-

cribed below) and if a match is found then the pixel is declared

s background (or b ) or if a match is not found then it is declared

s foreground (or f ). Any BS algorithm must frequently update its

ackground models so that it can maintain accuracy over long pe-

iods of time. The background models of the RSBC algorithm corre-

ponding to every pixel position are periodically updated in order

o incorporate new background information into the model. 

The proposed RSBC model is composed of two separate classi-

ers, namely, the ABM and the NBM. These models consist of lists

f pixel intensity values (or model elements) which are matched

ith the intensity value of the pixel being tested. Both ABM and

BM model elements are used together to classify every pixel of

very test frame. The ABM itself is composed of three separate lists

f intensity values, one for each colour channel (in the case of RGB

mage, a separate list ABM R , ABM G and ABM B for the R, G and B

hannels, respectively). These three lists for the three colour chan-

els are independently initialized and independently updated and
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Table 1 

Notations used in the RSBC algorithm with description. 

Notation Description 

b label used to represent a background pixel 

f label used to represent a foreground pixel 

Fwindow a mini-batch of 50 consecutive frames 

P t C (x ) pixel value of the x th pixel position of the C th channel of the t th frame 

ABM 

i 
C (x ) i th entry of the ABM for the x th pixel of channel C 

PABM 

i 
C (x ) i th entry of the PABM for the x th pixel of channel C 

# Transition total number of transitions between b to f or f to b in a mini-batch 

AbsDiff absolute difference between the number of f ’s and the number of b ’s in a mini-batch 

τ l , τ m , τ s parameters used to update ABM 

ϑ and γ parameters used to find similarity between a pixel value with model elements 

ζ 1 and ζ 2 parameters used to update NBM 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Block diagram of the functioning of the ABM. 
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therefore may contain different number of elements at any point

of time. Given a test value that has to be matched with the ABM

to see if that test value belongs to a background or foreground re-

gion, the matching is done by calculating the absolute difference of

the test pixel intensity value with all of the corresponding model

elements. A given test value is considered as a successful match

under two cases. In case 1, if any one of the absolute differences

of the test value with the model elements is not more than a pre-

defined threshold ϑ then the test value is considered a successful

match. In case 2, if the absolute difference of the test value with

the corresponding pixel position of the first frame (absolute global

difference) is not more than another predefined threshold γ then

also the test value is considered as a successful match. A test pixel

is finally declared as a match with the ABM if all of its three colour

components (R, G and B values) find a successful match with their

respective three colour models ( ABM R , ABM G and ABM B ). The ABM

is updated periodically after every mini-batch of Fwindow ( = 50 )

number of frames, depending upon criteria that are derived from

the classification history of the previous frames. 

NBM on the other hand contains a single combined list of

colour triplets where all three colour components are initialized

and updated simultaneously. NBM may not necessarily be initial-

ized with the first frame but depending upon certain neighbour-

hood criteria, it may be initialized at any frame in the middle of

the video sequence. The colour triplet values of a test pixel po-

sition is declared as a match with NBM if its Chebyshev distance

with respect to any one of the triplets within NBM (i.e., NBM el-

ements) is not greater than the threshold ϑ. (Chebyshev distance

is a metric which calculates the absolute differences between each

component of two vectors and returns the maximum of those. For

two vectors x̄ and ȳ with coordinates x i and y i , respectively, the

Chebyshev distance is defined as D Chebyshe v ( ̄x , ̄y ) = max 
i 

(| x i − y i | ) ).
The NBM is updated continuously after testing every frame of the

video sequence. Just like the ABM, the NBM is also updated de-

pending upon criteria that are derived from the classification his-

tory of the previous frames. 

Finally, a given pixel is classified as b if the pixel value is

matched with either the ABM or the NBM, otherwise it is classi-

fied as f . 

To update the ABM and the NBM models, we used a few novel

features, extracted from the history of previous classification re-

sults. To update the ABM, after testing each mini-batch of consec-

utive frames, we compute three characteristics (or features) from

the classification history of each individual pixel. These features

are - the total number of f ’s, total number of b ’s and total num-

ber of transitions between f ’s and b ’s. To initialize and adaptively

update the NBM, we used another feature: a two-level neighbour-

hood (marked by1 ′ s and2 ′ s in Fig. 5 (c)) checking for f pixels, ob-

tained from the previous classification result. The detailed update

procedures is described below separately for ABM and NBM. 

To increase the accuracy of the RSBC method, post-processing

(consisting of a few basic morphological operations and a median
lter) is applied over the classification results to generate the final

esult. 

.2. Adaptive Background Model (ABM) 

Fig. 3 depicting the functioning of the ABM. 

.2.1. Motivation 

If a video scene contains dynamic background (such as a sway-

ng tree or ripples on water etc.), then the background region

hanges very frequently. From a statistical point of view we can

ay that the intensity distribution of a pixel in dynamic region will

ave multi-modal nature, i.e., the distribution will contain multiple

ominant peaks since multiple objects occupy that particular pixel

osition. In such an environment, intensity values are distributed

mong multiple modes. Now if a background classifier considers a

xed value as a background model element, it will output a rapidly

lternating string of foregrounds (or f ’s) and backgrounds (or b ’s).

 similar situation is shown in Fig. 1 (b) where a fixed value 15

s considered as a background model element and as a result we

an find a frequently alternating sequence of foregrounds (green

lus sign) and backgrounds (red star sign). In such cases the classi-

er should adaptively update itself by including all the background

odes into the background model. On the other hand, if the video

cene contains static background, the frequency count of a single

ode will be very high with respect to the other modes (if at all

hey exist because in static region more than one mode is rarely

resent) and the classifier should output a long string of either f ’s

or objects or b ’s for backgrounds. Thus to identify dynamic back-

round in a video scene, we count the frequencies of f ’s and b ’s,
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Table 2 

Various decision rules used to adaptively update the ABM. 

Case Decision rules Decision 

1 # Transition > = τl include in the ABM 

2 # Transition > = τm and AbsDiff < = τs include in the ABM 

3 # Transition > = τs and AbsDiff > = τm include in the ABM 

4 Else ABM stays unchanged 
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nd also the frequency of transitions between f ’s and b ’s from the

ast classification history. These frequency counts can be used to

btain a criterion that distinguishes dynamic background from true

oreground. These criterion can then be used to update the back-

round model accordingly. If the criterion indicates that the previ-

us f ’s were due to dynamic background then we update the back-

round model accordingly to include those pixel values so that in

uture those pixels are classified as background. Otherwise if our

riterion indicates that the previous f ’s were not because of dy-

amic background then we do not update the background model. 

.2.2. Initialization 

An ABM is associated with every pixel position and for each of

hese ABMs a separate ABM C is constructed for each colour chan-

el C ( ∈ { R, G, B }). ABM C consists of a list of intensity values (or

lements) of the channel C . Let the pixel value of the x th pixel

f the C th channel of the t th frame be denoted by P t 
C 
(x ) , where

he first frame starts with t = 0 , and let ABM 

i 
C 
(x ) be the i th en-

ry of the ABM for the x th pixel of channel C , where the first en-

ry begins with i = 1 . The ABMs for every pixel of every channel

re initialized using the pixel values of the first frame. Thus we

nitialize the ABM of pixel x by setting ABM C (x ) = ABM 

1 
C (x ) where

BM 

1 
C 
(x ) = P 0 

C 
(x ) for each channel C . 

Once initialized, each ABM C is updated after every mini-batch

f Fwindow number of consecutive frames ( Fwindow = 50 for this

rticle). At each update some new pixel values (or elements) may

r may not be appended to the existing list of elements in each of

he ABM C ’s. In between two successive updates, various criteria (or

eatures) are computed based upon the previously classified results

ithin that mini-batch, which determine how to update the ABM. 

.2.3. Classification 

Each pixel of each test frame is first classified by matching its

hree colour components (R, G and B) with the respective three

BMs ( ABM R , ABM G and ABM B ). For pixel x , matching a given

olour component (or intensity value) of channel C ∈ { R, G, B } of t th

est frame, P t 
C 
(x ) , with its corresponding ABM C ( x ) is done in two

teps. First to test if there exists an element in ABM C ( x ) (say the i th

ntry, see Fig. 3 ), we compute the expression | P t 
C 
(x ) − ABM 

i 
C 
(x ) | ≤

, where |.| denotes the absolute value and ϑ is a predefined

hreshold. If this expression is true, then that colour component

s considered as a successful match. If the expression is false, then

n the second step we test another expression | P t 
C 
(x ) − P 0 

C 
(x ) | ≤ γ

 γ is a predefined constant) to test the absolute global difference.

f this expression is true then the match is declared successful, and

therwise it is declared unsuccessful. If a successful match is found

or all three colour components then that pixel is declared as b . If

owever a successful match is not found for even one of the three

olour components, the pixel is marked as probable foreground and

he algorithm proceeds to NBM as described in the next subsec-

ion. If NBM also fails to recognize the pixel as background then

he pixel is declared as f , else if NBM recognizes the pixel as back-

round then the pixel is declared as b . 

.2.4. Update 

The ABM is updated at the end of every mini-batch of Fwindow

umber of consecutive frames. For this purpose of updating, we

aintain another temporary list of numeric pixel intensity values,

hich we term as Probable ABM (PABM) for each channel C , i.e.,

 temporary PABM C is associated with every ABM C . Every element

f PABM C is associated with a frequency value, which counts the

umber of occurrences of that particular PABM C entry within the

ini-batch. For every mini-batch, a new list of PABM C ( x ) is created

or each colour channel C ( ∈ R, G, B ) of each pixel x , as described

ext. If a test pixel value, P t 
C 
(x ) , of a test frame (say t th frame)

oes not match with the elements of the ABM ( x ), then that test
C 
alue is matched with the elements of PABM C ( x ). If the matching is

uccessful then the corresponding frequency count is increased by

. If the matching is unsuccessful then the test value is appended

o the PABM C ( x ) list and its frequency is set to 1. Matching is done

y calculating the expression | P t 
C 
(x ) − PABM 

i 
C 
(x ) | ≤ ϑ where ϑ is a

redefined threshold and PABM 

i 
C 
(x ) is the i th entry. 

At the end of a mini-batch, when all the previous test frames

ave been classified, each PABM C ( x ) is used to update correspond-

ng ABM C ( x ) for each pixel x of channel C . Initially each list of pixel

alues in PABM C ( x ) is trimmed by discarding the values which have

requency counts less than 10% of Fwindow ( = 10% of 50 = 5 for

his article). Then to take the decision, whether or not to merge

he remaining elements of the PABM C ( x ) with the existing ABM C ( x ),

e look at the binary classification history of f and b results of the

revious frames within that mini-batch. These binary classification

esults are used to compute the following two quantities: first is

he number of transitions between f to b or b to f in that mini-

atch, which we term as # Transition , and the second is the abso-

ute difference between the number of f ’s and the number of b ’s

i.e., | # f − # b | ), which we term as AbsDiff. Conditioned upon these

wo variables it is decided, as shown in Table 2 , whether or not to

erge the PABM C ( x ) elements with the pre-existing ABM C ( x ) list. 

Table 2 shows the rules used to make this decision. In Table 2 ,

 Transition stands for the number of transitions between f to b or

 to f, AbsDiff is absolute difference between the number of f ’s and

 ’s within a single mini-batch. Three predefined threshold values

l , τm 

, and τ s are used to make update decisions of the ABM. τ l ,

m 

, and τ s stand for large, medium and small thresholds for the

uantities # Transition and AbsDiff. We choose the values of these

hresholds so as to be able to effectively distinguish dynamic back-

round from true foreground. We separate the identification of dy-

amic background into three separate cases, with a rule attached

o each case. In case1, a high value of # Transition indicates a large

umber of transitions between f to b or b to f , i.e., an indication of

ynamic background, as discussed in Section 3 . Case2 is for iden-

ifying those cases when the value of # Transition is not as high

s in case1 but has a moderate value and along with that the

alue of AbsDiff is small, indicating roughly equal numbers of f ’s

nd b ’s, which also signifies dynamic background. In case3, if Abs-

iff is moderate and if # Transition is more than a small threshold,

e also sense the dynamic nature of the background. Thus in all

hese three cases we add the associated pixel values into the ABM,

hus correctly classifying the dynamic background as a background

egion in future frames. Whenever the rules of Table 2 indicate

he presence of dynamic background we include the correspond-

ng pixel values into the ABM. In all other cases the ABM is kept

nchanged. 

.3. Neighbourhood Background Model (NBM) 

.3.1. Motivation 

Through the NBM we propose a novel feature to efficiently sup-

ress ghost effect. Ghost effect occurs when an object that is part

f the background begins to move. The position at which the ob-

ect had been stationary is now misclassified as f and it seems as

f the object has left its ghost behind. 
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Fig. 4. Original first input image (Ori1), Original test input image (Ori test), ground-truth images (GT), results corresponding to SuBSENSE, ViBe, ViBe + and RSBC on tun- 

nelExit _ 0 _ 35 fps and library video sequence. White, red, green and black colours represent the true positives, false positives, false negatives and true negatives, respectively. 

(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. Fountain 01 and the nearest neighbour info. 
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To suppress the ghost effect from the binary classification re-

sults, Barnich and Van Droogenbroeck (2011) in their ViBe al-

gorithm proposed a ghost removal technique (spatial diffusion)

which was later used by many authors including those of PBAS

( Hofmann et al., 2012 ), LOBSTER ( St-Charles & Bilodeau, 2014 )

and SuBSENSE ( St-Charles et al., 2015 ) to improve the accuracy

of the results. In this technique, during the updating stage of the

background model, the pixel values of a background pixel is added

to the background model of one of its 8 nearest neighbours and

that neighbour is chosen randomly. This random selection may

end up with different results on the same input dataset for dif-

ferent runs of the method. Although this technique does reduce

ghost effect from video scenes that contain moving backgrounds,

it suffers when a video scene contains objects with small motions.

This scheme transforms a foreground object into background if the

object has little motion (see Seq. 2 of Fig. 4 (d) and (e). As a re-

sult, accuracy decreases rapidly due to the increasing numbers of

false negatives. To remedy this situation, Barnich and Van Droogen-

broeck (2011) modified the ViBe method in ViBe + ( Van Droogen-

broeck & Paquot, 2012 ) to improve the accuracy of the binary re-

sults; but even this method fails to solve the problem completely

(see Seq. 2 of Fig. 4 (f)). 

To detect the ghost effect, our algorithm detects f pixels that

suddenly appear in the middle of b pixels. Since this can also arise

because of dynamic background, our algorithm tracks the future

behaviour of that pixel to determine whether the f appeared be-

cause of ghost effect or because of dynamic background. In case

of dynamic background environment, pixels frequently switch back

and forth between f ’s and b ’s (see Fig. 1 (b)). On the other hand in

case of ghost effect a pixel position will steadily be classified as

f ’s for the next few consecutive frames. Therefore our scheme for

removing the ghost effect is use the frequencies of f ’s and b ’s to

obtain a criterion for identifying the ghost effect. If our criterion

indicates ghost effect then we update the background model to in-

clude those pixel values so that in future the model classifies it as

background. Otherwise if our criterion does not indicate ghost ef-

fect then we do not update the background model. The details of

the update process are described below. 

4.3.2. Initialization and Classification 

To begin with all the pixels in a video sequence have an empty

NBM associated with them. As the NBMs are updated some pix-

els have non-empty NBMs while others continue to have empty
BMs. A video sequence without any dynamic background or mov-

ng background will have empty NBMs for all pixels. If a pixel has

mpty NBM then the classification output produced by the ABM

orresponding to that pixel is the final classification. For a pixel

ith non-empty NBM, the final classification is f if and only if both

BM and NBM classify the pixel as f . A test colour triplet is classi-

ed by the NBM by matching that triplet with the list of existing

riplets in NBM. A successful match occurs when the Chebyshev

istance of that triplet with respect to any one of the triplets in

BM is not more than the threshold ϑ. If a successful match occurs

he pixel is declared as b . If a match is unsuccessful NBM declares

he pixel as f , since, as mentioned earlier, NBM is checked if and

nly if ABM fails to classify the pixel as b . 

.3.3. Update 

The update procedure of NBM is as follows: if a pixel position

s classified as f and if the pixel x including its neighbouring pixels

see Fig. 5 ) in the previous frame were all classified as b , then we

rack the future classifications of pixel x . If pixel x is classified as f

or all subsequent ζ 1 consecutive frames, then it probably occurred

ue to ghost effect and therefore the NBM is updated by append-

ng the current colour components with the existing NBM. If on

he other hand all future ζ 1 consecutive frames are not f then we

ontinue tracking up to ζ 2 ( ζ 2 > ζ 1 ) future consecutive frames and

f these ζ 2 frames contain not less than ζ 1 number of foregrounds

hen this probably occurred because of dynamic background and

o once again we append the colour components of the current

ixel to the existing NBM. In this technique no random or blind

pdate takes place like ViBe ( Barnich & Van Droogenbroeck, 2011 ),

BAS ( Hofmann et al., 2012 ), SuBSENSE ( St-Charles et al., 2015 )

lgorithms. 

.4. Final foreground-background classification 

A test pixel is classified as f only if both ABM and NBM classify

t as f . Otherwise it is declared as b . For every test pixel x the ABM

s tested first followed by the NBM. If the ABM recognizes x as a

ackground then the pixel is declared as b and the NBM is skipped

ltogether since the NBM need not even be updated for b pixels. 

 ∈ 

{
f , if no match in both ABM & NBM 

b otherwise. 
(1)

After classifying a video frame into foreground and background,

e use some post-processing to improve the accuracy of the re-

ults. This post-processing involves a 9 × 9 median filter and basic

orphological operations to refine the detected results by elimi-

ating noise. 

. Performance evaluation 

To establish the robustness of the proposed RSBC algorithm, we

ompare it with some state-of-the-art algorithms using the CDnet
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Fig. 6. Original input images (Ori), ground-truth images (GT), results applying proposed RSBC method using different values of ϑ and γ on frame number 1645 of highway 

(hig1645) and frame number 1035 of busStation (bus1035) video sequences from CDnet dataset. White, red, green and black colours represent the true positives, false 

positives, false negatives and true negatives, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 

article.) 

Table 3 

Parameters ϑ and γ with F1 score in highway and busStation video sequences. 

Parameters ϑ and γ F1 score of highway 

sequence 

F1 score of busStation 

sequence 

5 ≤ ϑ, γ ≤ 30 0.941 0.859 

ϑ< 5, γ ≤ 30 0.882 0.803 

ϑ≥ 5, γ > 30 0.805 0.759 

ϑ< 5, γ > 30 0.858 0.723 
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ataset and evaluated with some standard evaluation metrics. De-

criptions of all these are given below. 

.1. Parameter settings 

All complex video scenes containing dynamic background or

oving background may not be optimally handled by a fixed set of

arameter values. To extract the best results the proposed method

ses a few tunable parameters. The parameter values used in the

resent work have been experimentally tuned to make the algo-

ithm as robust as possible. Our algorithm uses a set of 8 parame-

ers, whose details are listed individually below. Some of these pa-

ameters are involved in the classification of each pixel into fore-

round or background while others are involved in updating the

odel. Out of these 8 parameters 6 have been assigned fixed val-

es, as the output does not show much sensitivity to their values.

or the remaining 2 parameters, namely ϑ and γ , the output shows

igh sensitivity to the values used, and different values work well

or different video sequences. These 2 parameters ϑ and γ are used

o classify a test pixel into foreground or background by check-

ng the similarity between a test pixel value with the background

odel elements. These parameters are chosen in such a way which

educes the classification errors. A very small value of these pa-

ameters increases the number of false positives and a very large

alue incorrectly includes many foreground pixels into the back-

round thus increasing the number of false negatives. However,

e have experimentally found that for most video sequences we

an obtain optimal results by assigning these 2 parameters one or

ore values in the range [5, 30]. In Fig. 6 , we show few results for

ifferent combination of ϑ and γ , which shows that any values of

and γ outside the range [5, 30] almost always produces subop-

imal output. This observation is also shown in the Table 3 , where

e find the F1 scores for different combination of ϑ and γ chosen

n columns 3,4,5 and 6 of Fig. 6 . Even within the interval [5, 30],

e have found that one of the 4 values {5, 10, 20, 30} is sufficient

o produce results as good as any other value within that interval.

ig. 7 shows the variation of the F1 score with respect to the ϑ and

parameters. From Fig. 7 we can see that the rate of change of the

1 score with the parameter values is slow enough that one of the

 values {5, 10, 20, 30} is sufficient to produce results as good as

ny other value within the interval [5, 30]. The parameters used
n the proposed algorithm are described in short below. For a full

escription and motivation see Section 4 . 

(P 1). ϑ∈ {5, 10, 20, 30}: This parameter is a threshold value that

s used to test whether a test pixel value matches with the list of

alues in ABM, PABM and NBM. If the absolute difference of the

est pixel value from the value being matched with is not more

han ϑ then the match is considered successful. Different values of

are effective in handling different video scenes. A variety of ϑ val-

es makes the proposed method more robust in handling various

omplex video scenes, but only a single value is used in a given

ideo sequence. As discussed above, for most video scenes one of

he values in the set {5, 10, 20, 30} will almost always produce

ood results (see Fig. 7 (b) and (d)), depending upon the video se-

uence. 

(P 2). γ ∈ {5, 10, 20, 30}: If a test pixel value at position x does

ot match with ABM using the condition mentioned above, then in

he next step we compute the absolute difference of the test pixel

ith the pixel value of the first frame at position x and compare

his difference with the threshold parameter γ . If this difference

s not more than the threshold parameter γ , then the test pixel is

eclared as background. The purpose of this parameter is to give

pecial status to the first frame of the video sequence by using a

elaxed value of the threshold for the matching criteria. This pa-

ameter γ is assigned a value not less than ϑ because this test

s only performed only upon failure of the test mentioned in P 1

bove and if γ is assigned a value less than ϑ then this test will

lso be guaranteed to fail, which will be futile. Just like the pa-

ameter ϑ above, we have found that for most video sequences any

ne of the values in {5, 10, 20, 30} is enough to produce optimal

esults (see Fig. 7 (a) and (c)). 

(P 3). Fwindow = { 50 } : To update the ABM, Fwindow number of

onsecutive frames (a mini-batch) are used to analyse the previous

lassification history. In all our experiments, we used a single value

f Fwindow . 

(P 4). ζ1 = { 20 } : If a f pixel appears suddenly in the midst of

 pixels at location x , then we track that pixel location x for the

ubsequent ζ 1 number of frames and if all those ζ 1 frames are

lassified as f then we add that pixel value to the NBM. This value

s fixed in the algorithm. 

(P 5). ζ2 = { 30 } : In continuation from the above, if all the ζ 1 

rames are not classified as f then we continue to track that pixel

ocation for upto ζ 2 number of frames and if out of these ζ 2 , at

east ζ 1 number of frames are classified as f then also we add the

ixel value to the NBM. 

(P 6). τl = { 30 } , (P 7). τm 

= { 20 } and (P 8). τs = { 12 } : These three

arameters are used to decide whether to update the ABM or not

sing the decision rules shown in Table 2 . τ l , τm 

, and τ s stand for

arge, medium and small thresholds for the quantities # Transition

nd AbsDiff. If the value of # Transition (the number of transitions

etween f ’s and b ’s in a mini-batch) is more than large thresh-

ld τ l , then the pixel is considered as belonging to dynamic back-
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Fig. 7. Variation of F1 score with respect to algorithm parameters (see Section 5.1 ) for two video sequences, namely highway and busStation . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1 RSBC method (Code: https://www.isical.ac.in/ 
∼sujoyroy _ r/RSBCbs ). 

Input: A sequence of video frames. 

Initialize: First frame is used to initialize the ABM. 

1: for all test frames do 

2: for each pixel position x do 

3: Search the pixel value in the ABM using parameter ϑ . 

4: Unsuccessful search further considers the absolute global 

difference.If this value is more than parameter γ , create PABM. 

5: end for 

6: From the binary classified results, 

7: If there is a transition from b to f or vice-verse, increment 

the parameter # Transition . 

8: If the decision is f , check its two-level neighbours (see Fig- 

ure 5c).If all the neighbours are b , track the future results of 

the pixel x . 

9: For all such pixels, initialize or update the NBM using pa- 

rameters ζ1 , ζ2 . 

10: After a mini-batch of Fwindow frames, modify the ABM us- 

ing PABM andparameters τl , τm 

, and τs . 

11: end for 

Output: Binary classified images. 
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1 https://www.isical.ac.in/ ∼sujoyroy _ r/RSBCbs . 
ground region and therefore the ABM is updated by merging the

values of PABM with it. If it is less than τ l then depending upon

the value of AbsDiff (the absolute difference between total number

of f ’s and b ’s) we may or may not update the ABM, as specified by

the decision rules in Table 2 . 

5.2. Datasets 

We used the CDnet dataset for evaluation and comparison pur-

poses. The dataset, initially produced in 2012, has 6 categories with

a total of 31 video sequences which contain many real life indoor

and outdoor scenarios. Most of the video frames are accompanied

with ground-truth frames. In 2014, the authors expanded the old

dataset with 5 more categories with 22 more video sequences and

corresponding ground-truths. Size of a frame in the CDnet dataset

varies from 320 × 240 to 720 × 576 pixels. 

5.3. Evaluation metrics 

To evaluate the performance of the proposed RSBC method, four

metrics Precision, Recall, F-measure (F1), and Matthew’s Correla-

tion Coefficient (MCC) are used defined as, 

Precision = 

T P 
T P+ F P , Recall = 

T P 
T P+ F N , F-measure = 

2 ×Precision ×Recall 
Precision + Recall 

and MCC = 

(T P·T N) −(F P·F N) √ 

(T P + F P ) ·(T P + F N ) ·(T N + F P) ·(T N + F N ) , where TP = true posi-

tives, FP = false positives, TN = true negatives and FN = false neg-

atives. 

5.4. Existing techniques used for comparison 

To compare the efficiency of the proposed method, we used

several state-of-the-art BS methods. Such as, (i) Gaussian mixture

model (GMM) ( Stauffer & Grimson, 1999 ), (ii) Type-2 fuzzy MRF

(T2MRF) method ( Zhao et al., 2012 ), (iii) Codebook (CB) model

( Kim et al., 2005 ), (iv) Pixel-based adaptive segmenter (PBAS)

method ( Hofmann et al., 2012 ), (v) Vehicle trajectories evalua-

tion (VuMeter) method ( Goya, Chateau, Malaterre, & Trassoudaine,

2006 ), (vi) Local Binary Similarity Patterns (LOBSTER) method ( St-

Charles & Bilodeau, 2014 ), (vii) ViBe universal BS method ( Barnich

& Van Droogenbroeck, 2011 ), (viii) ViBe + ( Van Droogenbroeck &

Paquot, 2012 ), (ix) Self-balanced sensitivity segmenter (SuBSENSE)

method ( St-Charles et al., 2015 ), (x) Adaptive Background Mod-

eling (Zhong17) ( Zhong, Zhang, Lu, Zhao, & Xu, 2017 ), (xi) FCDH

( Panda & Meher, 2016 ) (xii) ViBeF ( Wang & Shi, 2016 ). 

For these methods, to generate the comparative results, we use

the same parameter settings as provided by the authors in their

corresponding papers. 

5.5. Colour codes used for visualizing experimental results 

The ground-truth (GT) images shown in the Figs. 4, 6 and 8 ,

as provided in the CDnet dataset, use white and black colours
o represent foreground and background pixels, respectively. Non-

OI pixels that are half-occluded or corrupted by motion blur are

oloured with dark gray and light gray colours, respectively. In ad-

ition to the above, the output images from all the state-of-the-art

ethods under comparison use the colour red for false positives

background detected as foreground) and green for false negatives

foreground detected as background). 

. Experimental results 

To analyze the performance of the proposed method with re-

pect to the state-of-the-art methods, same video sequences are

sed for all the methods. Qualitative and quantitative evaluations

re used to examine and grade the performance of the various

ethods. We chose 10 video sequences from various categories

f the CDnet 2014 dataset, which contain a variety of challenging

ndoor and outdoor video scenes. The video scenes used are bliz-

ard from “badWeather”, highway from “baseline”, badminton from

cameraJitter”, fall from “dynamicBackground”, streetLight from “in-

ermittentObjectMotion”, tunnelExit _ 0 _ 35 fps from “lowFramerate”,

usyBoulvard from “nightVideos”, busStation from “shadow”, library

rom “thermal” and turbulence3 from “turbulence” category. We

ested our algorithm on many other video sequences and those re-

ults are available in the supplementary material 1 . 

https://www.isical.ac.in/~sujoyroy_r/RSBCbs
https://www.isical.ac.in/~sujoyroy_r/RSBCbs
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Fig. 8. Sample foreground detection output of 10 frames taken from 10 video clips of the CDnet 2014 dataset. Each column depicts figures of original input images (Ori), 

ground-truth images (GT), results corresponding to GMM, T2MRF, CB, PBAS, VUMETER, LOBSTER, ViBe, ViBe + , SuBSENSE, Zhong17, FCDH, ViBeF and the proposed method 

RSBC. Columns represent, from left to right, 3294th frame of blizzard (bli3294), 834th frame of highway (hig834), 972th frame of badminton (bad972), 2052th frame of fall 

(fal2052), 1358th frame of streetLight (sLi1358), 2043th frame of tunnelExit _ 0 _ 35 fps (tun2043), 762th frame of busyBoulvard (bBo762), 1053th frame of busStation (bus1053), 

2274th frame of library (lib2274) and 932th frame of turbulence3 (tur932), respectively. White, red, green and black colours represent the true positives, false positives, false 

negatives and true negatives, respectively. The explanation of this figure is given in Section 6.1 . (For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 
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Table 4 

Precision (Pre), Recall (Rec), F1 score and MCC values of different methods. In each column, red, green and blue colour represent the best, the second best and the third best 

measurements. 

blizzard highway badminton fall streetLight
Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC

GMM 0.689 0.597 0.640 0.636 0.916 0.770 0.837 0.841 0.686 0.561 0.617 0.621 0.707 0.589 0.643 0.651 0.618 0.308 0.412 0.422

T2MRF 0.339 0.091 0.144 0.144 0.766 0.467 0.580 0.579 0.381 0.276 0.320 0.309 0.338 0.226 0.271 0.293 0.442 0.105 0.170 0.184

CB 0.539 0.148 0.232 0.235 0.930 0.752 0.831 0.838 0.544 0.368 0.439 0.432 0.593 0.301 0.399 0.407 0.726 0.593 0.653 0.664

PBAS 0.817 0.704 0.756 0.763 0.853 0.915 0.883 0.893 0.737 0.803 0.769 0.775 0.852 0.699 0.768 0.766 0.633 0.605 0.619 0.638

VUMETER 0.497 0.282 0.360 0.352 0.741 0.499 0.597 0.603 0.754 0.609 0.674 0.690 0.478 0.403 0.437 0.418 0.684 0.398 0.503 0.507

LOBSTER 0.584 0.474 0.523 0.523 0.897 0.807 0.850 0.846 0.788 0.636 0.704 0.714 0.370 0.779 0.502 0.517 0.670 0.603 0.635 0.640

ViBe 0.676 0.503 0.577 0.577 0.892 0.792 0.839 0.822 0.691 0.512 0.588 0.585 0.663 0.449 0.535 0.537 0.673 0.612 0.641 0.643

ViBe+ 0.884 0.726 0.797 0.783 0.926 0.837 0.879 0.880 0.787 0.658 0.717 0.723 0.749 0.609 0.672 0.683 0.741 0.680 0.710 0.723

SuBSENSE 0.852 0.795 0.823 0.819 0.944 0.920 0.932 0.933 0.807 0.877 0.841 0.839 0.791 0.759 0.775 0.788 0.743 0.682 0.712 0.721

Zhong17 0.693 0.715 0.704 0.715 0.892 0.823 0.856 0.851 0.637 0.716 0.674 0.673 0.215 0.382 0.275 0.270 0.709 0.742 0.725 0.723

FCDH 0.805 0.703 0.751 0.747 0.912 0.881 0.896 0.898 0.534 0.662 0.591 0.595 0.549 0.586 0.567 0.571 0.679 0.472 0.557 0.622

ViBeF 0.834 0.772 0.802 0.793 0.879 0.804 0.840 0.835 0.483 0.556 0.517 0.518 0.471 0.517 0.493 0.492 0.705 0.661 0.682 0.687

RSBC 0.872 0.836 0.854 0.847 0.962 0.921 0.941 0.942 0.845 0.785 0.814 0.810 0.799 0.884 0.839 0.843 0.693 0.771 0.730 0.725

tunnelExit 0 35fps busyBoulvard busStation library turbulence3
Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC Pre Rec F1 MCC

GMM 0.269 0.624 0.395 0.378 0.293 0.359 0.323 0.343 0.751 0.620 0.679 0.683 0.859 0.787 0.821 0.833 0.728 0.676 0.701 0.713

T2MRF 0.132 0.099 0.113 0.103 0.417 0.084 0.140 0.146 0.664 0.501 0.571 0.574 0.621 0.319 0.421 0.441 0.607 0.434 0.506 0.499

CB 0.554 0.382 0.452 0.456 0.406 0.272 0.326 0.340 0.553 0.732 0.630 0.601 0.896 0.697 0.784 0.773 0.791 0.633 0.703 0.721

PBAS 0.669 0.421 0.517 0.536 0.323 0.391 0.354 0.350 0.655 0.790 0.716 0.725 0.593 0.393 0.473 0.490 0.807 0.681 0.738 0.745

VUMETER 0.525 0.335 0.409 0.414 0.380 0.311 0.342 0.367 0.513 0.854 0.641 0.640 0.768 0.340 0.471 0.472 0.743 0.718 0.730 0.751

LOBSTER 0.541 0.369 0.438 0.438 0.491 0.443 0.466 0.478 0.765 0.850 0.805 0.792 0.857 0.690 0.764 0.744 0.837 0.729 0.778 0.792

ViBe 0.481 0.348 0.403 0.405 0.430 0.376 0.401 0.429 0.828 0.707 0.763 0.782 0.660 0.410 0.506 0.526 0.770 0.678 0.721 0.732

ViBe+ 0.535 0.387 0.449 0.458 0.402 0.544 0.462 0.452 0.908 0.704 0.793 0.805 0.702 0.530 0.604 0.612 0.766 0.682 0.722 0.721

SuBSENSE 0.747 0.628 0.681 0.680 0.575 0.471 0.518 0.523 0.782 0.952 0.859 0.848 0.901 0.719 0.800 0.787 0.842 0.749 0.793 0.790

Zhong17 0.605 0.429 0.502 0.503 0.447 0.457 0.452 0.450 0.756 0.684 0.718 0.716 0.618 0.550 0.582 0.585 0.789 0.642 0.708 0.705

FCDH 0.622 0.593 0.607 0.601 0.392 0.436 0.413 0.408 0.730 0.660 0.693 0.686 0.781 0.736 0.758 0.751 0.782 0.686 0.731 0.734

ViBeF 0.504 0.370 0.427 0.431 0.273 0.321 0.295 0.295 0.784 0.760 0.772 0.769 0.758 0.731 0.744 0.742 0.794 0.744 0.768 0.770

RSBC 0.665 0.625 0.644 0.629 0.463 0.619 0.530 0.524 0.795 0.934 0.859 0.850 0.801 0.950 0.869 0.853 0.860 0.723 0.787 0.781
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.1. Qualitative evaluations 

To visually appreciate the performance of the proposed RSBC

ethod against that of the other state-of-the-art methods, in Fig. 8 ,

e present some binary classified results from various categories

f the CDnet 2014 dataset. The figure shows a one frame from orig-

nal videos (Ori) in row 1, the ground truth (GT) images in row 2

nd output images generated by applying various BS methods from

ow 3 to row 13. In the output images, white and black colours

epresent true positives and true negatives, whereas green and red

olours indicate the false negatives and false positives, respectively.

Detailed qualitative observations: In Fig. 8 , the blizzard video

cene in the first column, where cars are moving in a low-visibility

inter storm environment, a few of the methods including PBAS,

uBSENSE, ViBeF and RSBC show better performance over oth-

rs. The tunnelExit _ 0 _ 35 fps video scene in the sixth column, shows

host effect due to the sudden movement of a parked car which

as stationary in the scene for a long time. In this scene, the

ethods GMM, LOBSTER, SuBSENSE, FCDH and ViBeF produce

any false positives in the region where the car had been parked.

SBC can properly identify the ghost region and produces the best

isual result. Due to camera jitter, in the badminton video (third

olumn) most of the methods except SuBSENSE and RSBC produce

igh numbers of false detections. In the fall video scene (fourth

olumn) dynamic background is created by periodic movements of

ree branches. In this scene the LOBSTER, FCDH and ViBeF methods

how large number of false positives whereas GMM, T2MRF, CB,

UMETER, ViBe, ViBe + , SuBSENSE and Zhong17 produce high false

egatives. This type of event can lead many of the existing meth-

ds to misclassify the background region. Many BS methods, such

s T2MRF, PBAS, VUMETER, ViBe, ViBe + , Zhong17 and ViBeF, in-

orporate a long time stationary foreground object (the library se-

uence in ninth column) into the background which increases the

alse negatives. But RSBC is able to identify the foreground object

ith high accuracy because the ABM component of RSBC is spe-

ially equipped to handle such type of dynamic background events.

n the streetLight sequence in the seventh column, which contains

egular movements of cars in a street at night, all the methods

roduce large classification errors because of sudden illumination

hanges in the background which none of the existing methods

an handle. On the other hand, all the methods show good per-

ormance in highway (in second column) and turbulence3 (in last

olumn), but RSBC method produces superior results. 

By observing the various visual results, we find that a major-

ty of the state-of-the-art methods cannot efficiently handle either

ynamic background or ghost effect. Most of the methods also do

ot produce consistent performance over various challenging video

nvironments. In general the SuBSENSE and RSBC methods pro-

uce consistently better qualitative results compared to others and

articularly in the highway, fall, tunnelExit _ 0 _ 35 fps and busStation

cenes RSBC outperforms SuBSENSE. Therefore, overall it can be

laimed that the proposed RSBC method produced better quality

isual results than the other algorithms which signifies that our

lgorithm is robust enough to handle various challenging circum-

tances. 
a

Table 5 

Comparison of Average Frames Per Second (FPS). 

Methods GMM T2MRF CB PBAS VUMETER LOBS

Frames per second (FPS) 48.7 10.2 45.8 42.5 35.9 12.1 
.2. Quantitative evaluations 

The well performance of the proposed method is confirmed by

tatistical measurements such as Precision (Pre), Recall (Rec), F-

easure (F1 score) and MCC, all of which are given in Table 4 . To

how the top three performers for various datasets, in the table

e use red, green and blue colours to signify the best, the sec-

nd best and the third best measurements, respectively. This ta-

le is also available at https://www.isical.ac.in/ ∼sujoyroy _ r/RSBCbs

ith 4 digit precision results. 

For the PBAS and Zhong17 methods, the results are consis-

ent across many video scenes except for the busyBoulvard, tun-

elExit _ 0 _ 35 fps and library scenes where they exhibit very poor re-

ults. ViBe + outperforms ViBe and ViBeF in most complex scenes

utRSBC shows higher F1 and MCC scores than ViBe + in all the

ideo scenes. The T2MRF and CB methods produce comparatively

ower Recall, F1 and MCC values in all datasets. As the method

CHD does not handle the shadow and ghost effect, in the busy-

oulvard, streetLighttunnelExit _ 0 _ 35 fps video sequences it shows

ower scores. Due to the challenging environments like dynamic

ackground in fall and ghost effect in busyBoulvard , the F1 and

CC scores are small for a majority of the methods but RSBC pro-

uces relatively better scores. In the library video scene, except

or GMM and RSBC, the Recall values are low for all other meth-

ds due to inclusion of the foreground into the background. The

ethods T2MRF, VUMETER and LOBSTER produce inconsistent re-

ults across the various video scenes. SuBSENSE is the only method

ther than RSBC which gives steady F1 and MCC scores. 

The statistical measurements in Table 4 show that for many

omplex video environments the proposed RSBC method reduces

he false positives and false negatives to achieve better results

ompared to the other state-of-the-art methods. Thus we can con-

lude that the proposed RSBC method is very flexible in that it

an efficiently handle many challenging video environments with-

ut compromising its performance. 

.3. System settings and execution time 

The proposed RSBC method has proven to be efficient in fore-

round separation in various video sequences with complex envi-

onments. Both qualitative and quantitative evaluations highlight

he effectiveness of RSBC. We implemented the RSBC algorithm in

 ++ using the OpenCV library. We executed all the algorithms on

n 3.40 GHz Intel i7 CPU with 8 MB cache, 8 GB RAM, running on

inux operating system. 

The processing speed of an algorithm must be high for real-

ime BS. Table 5 shows the procesing speed of various algorithm

long with the proposed RSBC method in terms of frames per sec-

nd (FPS). In the table, we found that the RSBC algorithm pro-

essed about 85 frames per second on an average over the video

equences taken in this article. ViBe is the only method that pro-

esses more frames than RSBC per unit time but the other methods

re slower compared to RSBC. 
TER ViBe ViBe + SuBSENSE Zhong17 FCDH ViBe F RSBC 

152 37.7 7.4 32.7 7.2 40.2 85.1 

https://www.isical.ac.in/~sujoyroy_r/RSBCbs
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7. Conclusion and future works 

In this article we proposed a real-time BS method named RSBC

to separate foreground objects from the background in a video

scene. The novelty of the proposed method is that it adaptively up-

dates the background model by analyzing the nature of the previ-

ous binary classification results and this strategy is applied for the

first time in BS literature. The proposed RSBC method detects the

foreground objects accurately by being able to simultaneously and

efficiently identify dynamic background, ghost effect and long term

static foreground. Many state-of-the-art algorithms tend to mis-

classify static foregrounds in an effort to remove ghost effect, while

other algorithms that correctly identify static foreground cannot

handle ghost effect. RSBC produces better results in most of the

video sequences and requires less time with respect to most of the

existing state-of-the-art methods. For this reason a good applica-

tion for RSBC is as a fast pre-processing step for prioritizing video

frames that could be further analyzed by slower but more accurate

algorithms. 

RSBC also has some limitations where it may produce poor

results for the following cases. Firstly the method may produce

poor results for video scenes such as traffic on a highway where

new foreground objects keep entering and exiting the video frame

causing frequent transitions between foreground and background,

which misleads the ABM to mistake it for dynamic background.

If a large number of traffic passes through the highway the al-

gorithm gradually detects all of the traffic as background instead

of foreground. Secondly, since the ABM model updates itself only

after every F window = 50 number of frames, the algorithm may

produce false positives during these F window = 50 frames, if the

background suddenly changes within this interval. Thirdly the pro-

posed method may produce erroneous results when the back-

ground changes irregularly without following any specific nature

such as in the case of turbulent motion. Fourthly the proposed

method fails for video scenes with camera motions. For this rea-

son RSBC may be applied to static surveillance cameras but cannot

be applied to pan-tilt-zoom (PTZ) type of surveillance cameras. 

To improve the performance of the proposed method, in future,

a few more features will be considered to distinguish dynamic

background from recurrently appearing foreground. The proposed

method can also be improved by adding more features to handle

camouflaged objects and PTZ camera motions. A separate model

(along with the existing models) can be used to identify irregu-

lar changes like turbulent motion or to identify PTZ camera mo-

tions. The execution time could be reduced by combining three

colour channels in an efficient way without sacrificing classifica-

tion accuracy. As the proposed method does not explicitly handle

hard shadows, this model needs to be extended to prevent hard

shadows from getting classified as foreground. The RSBC algorithm

could also be modified to work with a universal set of parameters

independent of the type of complexity in the video sequence. 
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