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Abstract Although background subtraction techniques
have been used for several years in vision systems for moving
object detection, many of them fail to provide good results
in presence of noise, illumination variation, non-static back-
ground, etc. A basic requirement of background subtraction
scheme is the construction of a stable background model
and then comparing each incoming image frame with it so
as to detect moving objects. The novelty of the proposed
scheme is to construct a stable background model from a
given video sequence dynamically. The constructed back-
ground model is compared with different image frames of
the same sequence to detect moving objects. In the proposed
scheme the background model is constructed by analyzing a
sequence of linearly dependent past image frames in Wron-
skian framework. The Wronskian based change detection
model is further used to detect the changes between the con-
structed background scene and the considered target frame.
The proposed scheme is an integration of Gaussian averaging
and Wronskian change detection model. Gaussian averaging
uses different modes which arise over time to capture the
underlying richness of background, and it is an approach
for background building by considering temporal modes.
Similarly, Wronskian change detection model uses a spa-
tial region of support in this regard. The proposed scheme
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relies on spatio-temporal modes arising over time to build
the appropriate background model by considering both spa-
tial and temporal modes. The results obtained by the pro-
posed model is found to provide accurate shape of moving
objects. The effectiveness of the proposed scheme is verified
by comparing the results with those of some of the existing
state of the art background subtraction techniques on public
benchmark databases. We found that the average F-measure
is significantly improved by the proposed scheme from that
of the state-of-the-art techniques.

Keywords Background subtraction · Object detection ·
Temporal analysis · Gaussian mixture models

1 Introduction

An important problem in computer vision is the detection
of moving objects from a video sequence [7]. Proper detec-
tion of moving objects is crucial for many computer vision
and artificial intelligent systems. Moving object detection
has been widely applied in the fields like visual surveillance
[23,27], face and gait-based human recognition [29,37],
activity recognition [17], robotics [28], etc.

Background subtraction (BGS) method [22] is very pop-
ular for video object detection. It needs to handle different
situations like illumination variation, noise, non-static back-
ground, and shadow of the moving objects in the scene. The
effects of noise and illumination variation are very com-
mon in daily life video scenes [4]. In this regard a robust
BGS scheme using running Gaussian average was proposed
by Wren et al. [36]. Here, the authors have modeled the
background independently at each pixel location by fitting
a Gaussian probability distribution function (pdf) over a
sequence of previous/past image frames. The parameters of
the Gaussian pdf (i.e., the mean and the variance) at each
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pixel location is stored in a buffer. The locations of the
moving objects in the target frame are obtained by compar-
ing the intensity value of each pixel location in the target
image frame against the corresponding parameter values of
the Gaussian pdf. If they match then the parameters of the
model are adjusted. Lo and Velastin [18] have proposed a
moving object detection scheme, where median value at each
pixel location from the sequence of previous image frames
are used to model the background of the considered scene. It
is observed that instead of considering the mean value of the
Gaussian pdf, use of median value shows better stability to the
background model [21]. However, all the above-mentioned
techniques are not robust against changes due to non-static
background.

It is natural that at a particular location of the image frame,
different background objects appear. Hence, a multi valued
background model is needed to model the background prop-
erly. Stauffer and Grimson [31,32] proposed a multi-valued
background modeling scheme where the pixel at a particular
location of the video image frame is modeled with multiple
Gaussian pdfs. Such an approach is found to be robust and
gives better results against non-static background. Recently,
a modification of the above model incorporating dynamic
texture is considered for detecting moving objects from non-
static background motion [9]. It is also concluded that the
above-mentioned techniques are pixel based and do not take
into account the spatio-contextual information for change
detection. Spagnolo et al. [30] have proposed a new BGS
scheme for moving object detection. Here, the authors have
used radiometric similarity of a pixel (influenced by its neigh-
bors) at a particular location of the background modeled
frame and the target frame to solve problems of non-static
background, gradual variations of light conditions, and ghost
elimination in the scene. However, radiometric similarity
measure is very sensitive to noise and illumination variation
and produces holes in object segments. A spatio-contextual
BGS technique that takes the advantage of invariant local
textural property is investigated in [15]. Here the authors
have explored the concept of local binary pattern histogram
at each pixel location for construction of background model
and detection of moving objects. However, such an approach
is limited by its use in monochrome video sequence.

A novel BGS technique using a mixture of Gaussian mod-
els is proposed by Poppe et al. [24]. Here, the authors have
introduced an edge-based image segmentation to improve
the object detection accuracy. Elgammal et al. [12] have pro-
posed a kernelized GMM model to model object background
of the scene and have efficiently detected moving objects
from the scene with less misclassification error. A non-
Gaussian modeling-based background subtraction scheme is
proposed by Kim et al. [16], where the concept of codebook
is used to reconstruct the background scene and hence does
not need an estimation or fixing of any parameters. Recently,

Mandellos et al. [19] have used the histogram filtering tech-
nique to model the multi-valued background information
from a complex video scene and have successfully detected
the moving objects with an improved accuracy. A Δ − Σ

modulation-based motion detection filter is also studied by
Manzanera et al. [20], where a simple nonlinear recursive
approximation of the background image is considered. This
is found to be a simple method for visual surveillance.

A realtime visual surveillance system, popularly known
as W4 was proposed by Haritaoglu et al. [14], where three
parameters, maximum, minimum, and maximum difference
in intensity values are considered to track the moving objects
in the video scene. However, such an approach is limited by
its use to monochrome image sequences. ViBe [3], a compu-
tationally efficient visual surveillance tool is designed based
on the non-parametric pixel-based classification strategy. A
random sampling strategy is used here and the neighborhood
pixel statistics is considered to build the background model.

Comprehensive studies of different linear algebra-based
change detection schemes for moving object detection is pre-
sented by Durucan and Ebrahimi [11]. Here the authors have
shown that the Wronskian change detection model [11] is
robust against noise and can detect moving objects in the
scene by suppressing illumination changes successfully. The
objects in a scene were detected by defining a Wronskian
function over the target image frame (in which an object
is required to be detected) and the reference image frame.
Authors have selected the reference image by picking (man-
ually) a visually significant image frame that contains only
background scene. It is also observed that the Wronskian
change detection model can handle some other changing
environmental conditions like changing cloud cover or mov-
ing trees in the background. However, a choice and updating
of the background model (reference frame) is not discussed
in detail. It is found that their approach completely relies
on proper selection of background model (or the reference
frame).

From the above analysis it is evident that several tech-
niques using background subtraction were proposed by dif-
ferent researchers in the field of computer vision for moving
object detection. Different algorithms have their own draw-
backs and robustness. However, it is found that no method is
good to solve all problems in a video and all methods are also
not good for any particular problem in a video. It is also true
that any background subtraction scheme is considered to be
robust if it gives better performance against different prob-
lems in a video like noise, illumination variation, non-static
background, etc. Hence research in this field is still active. It
is also concluded that for designing a good background sub-
traction scheme, it needs the construction and updating of a
stable background model that can efficiently characterize the
background of the video scene. It also can discriminate the
effects of noise and non-static background, etc.
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It is also to be noted that many existing techniques
do not discuss the construction of the background model
(consider a randomly picked background image as back-
ground model) or may consider an accumulation of pixel
level information to represent the background model of the
considered scene. Such an approach can be considered as
intrinsic type background model [3]. However construction
of a robust background model is a prime factor since it
affects the accuracy of object detection. We can summa-
rize here that the use of Gaussian model in background
construction and object detection is very popular [36]. It
uses different modes which arise over time to capture the
underlying richness of background. Hence it can be consid-
ered as an approach for background building by considering
temporal modes. However, the Wronskian change detec-
tion model uses a spatial region of support in this regard
[11].

To the best of the authors’ knowledge, in the litera-
ture there is no method available that simultaneously takes
the advantages of Gaussian averaging-based temporal mode
and spatial region of support-based Wronskian model for
background modeling. In the present work, we have tried
to integrate/exploit the advantages of both the schemes for
background construction and object detection from video
scenes. Hence the proposed model is a spatio-temporal mode
dependent model. In this article, we propose a novel BGS
scheme to detect moving objects from static background
scenes. The novelty of the proposed scheme lies in con-
structing a stable (robust) spatio-temporal background model
from a given video sequence that efficiently characterizes the
property of the background of the scene. The constructed
background model is further compared with different image
frames of the same sequence to detect different moving
objects. In the proposed scheme the background model is
constructed by analyzing a sequence of linearly dependent
past image frames in Wronskian framework. It uses Wron-
skian function to detect changes between the target frame
and the constructed background model. An experimental
verification is performed over four benchmark public test
video sequences to confirm the effectiveness of the proposed
scheme. It is observed that the proposed BGS scheme pro-
vides robust results against gradual variations of light condi-
tions, atmospheric noise, non-static background. and ghost
in the scene.

The effectiveness of the proposed scheme is verified
by comparing it with manual thresholding-based BGS
scheme [7], BGS scheme using GMM [31], radiometric
similarity-based BGS scheme [30], Wronskian change detec-
tion scheme [11], and codebook-based BGS scheme [16].
It is found that the proposed BGS scheme provides better
results as compared with the considered schemes. The pro-
posed scheme is evaluated by three performance evaluation
measures: precision, recall, and F-measure [8].

The organization of the remaining portion of this arti-
cle is as follows: Section 2 represents a brief description of
BGS scheme. A description of the Wronskian change detec-
tion model is provided in Sect. 3. In Sect. 4, the proposed
Wronskian change detector-based BGS scheme is presented.
Section 5 provides experimental results and analysis. Con-
clusions are drawn in Sect. 6.

2 Details on background subtraction scheme

Motion detection scheme uses BGS technique to detect mov-
ing objects from a video scene. Let us consider the intensity
value of a pixel at location (x, y) in the background image to
be B(x, y) and the intensity value of the corresponding pixel
in the target image frame at time t to be Ft (x, y). The conven-
tional BGS scheme [7] suggests that the objects in the target
frame can be detected by considering the absolute difference
of the background and the target frames followed by thresh-
olding. This method produces an image that can be greatly
corrupted by spot noise if threshold selection is not proper.
The accuracy of this approach severely degrades as the scene
is affected by noise and non-static background. In literature,
Gaussian averaging [36] and multi level Gaussian averaging
[31] schemes are used to detect moving objects from such
scenarios. In such approaches, initially a background model
is developed by analyzing a sequence of previously available
frames. This modeling is done by considering the average
and variance of the intensity value at a particular location of
the image frame from the sequence of previously observed
image frames of that video. If a single Gaussian pdf is consid-
ered, then a single set of parameters are required. Similarly,
for a multi-valued Gaussian pdf multiple sets of parameters
are required. Hence, the developed background model at a
particular instant of time (t − 1) can be obtained as follows:

μ(t−1)(x, y) = 1

(t − 1)

(t−1)∑

i=0

Fi (x, y), (1)

and

σ 2
(t−1)(x, y) = 1

(t − 1)

(t−1)∑

i=0

|Fi (x, y) − μ(t−1)(x, y)|2. (2)

A pixel in the foreground mask pt (x, y) at (x, y) in the target
image frame (at t th instant of time) can be classified as either
the object pixel (1) or the background pixel (0) by

pt (x, y) =
{

1 if |Ft (x, y) − μ(t−1)(x, y)| > Kσ(t−1)(x, y)

0 otherwise,
(3)

where K is a constant. At each time instant t , the background
model is updated.
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3 Wronskian change detection model

Wronskian change detector is a vector image model to detect
changes from one frame to another. In such an image model,
each pixel in a frame is assumed to be associated with its
neighboring pixels (of that frame) termed as region of sup-
port. Hence, each pixel of the image frame is represented as a
vector, and the components of this vector are the central pixel
and its neighboring pixels (in that frame). This represents the
components of the vector corresponding to the illumination
values stored in each pixel of the image frame. To detect
the changes at a pixel location in two image frames, a linear
independence test can be conducted on the corresponding
region of supports. If a pixel is found to be linearly inde-
pendent with the corresponding pixel in the previous frame,
then it is a changed pixel. A simple test for determining the
linear dependence or independence of vectors is the Wron-
skian function (also termed as Wronskian change detection
Model).

Wronskian change detection model for detecting changes
between two consecutive image frames is initially suggested
by Durucan and Ebrahimi [11]. They derived the expression
for Wronskian change detection model by two mathematical
definitions. For any two linearly dependent gray-level func-
tions Ft (x, y) and Ft−1(x, y) (as gray value is a function of
amount of incident light and amount of reflected light),

kt ∗ Ft (x, y) + kt−1 ∗ Ft−1(x, y) = 0, (4)

where kt−1 and kt are two real constants. Determinant of the
Wronskian matrix W vanishes for two linearly dependent
functions. Thus

|W | =
∣∣∣∣

Ft (x, y) Ft−1(x, y)

F ′
t (x, y) F ′

t−1(x, y)

∣∣∣∣ = 0. (5)

This can be reduced to the form

|W | =
⎛

⎝
( −→

F t (x, y)
−→
F t−1(x, y)

)2

−
−→
F t (x, y)

−→
F t−1(x, y)

⎞

⎠ = 0; (6)

for linearly dependent functions. For detailed derivation we
refer the readers to [11].

We can incorporate the spatio-contextual property of a
pixel in Wronskian change detection model by including the
region of support in Eq. (6) [11]. Figure 1 illustrates the
region of support of pixel at location (x, y) in an image frame
with a window size 3 × 3. At a particular location (x, y),
the Wronskian function is computed for detecting changes
between the t th and (t − 1)th frames as follows:

|W | = 1

n

n∑

i=1

⎛

⎝
( −→

F t (x, y)i−→
F t−1(x, y)i

)2

−
−→
F t (x, y)i−→

F t−1(x, y)i

⎞

⎠, (7)

where n represents the number of pixels in the region of sup-
port for pixel location (x, y). This is equivalent to checking

Fig. 1 Region of support at pixel location (x, y)

the linear independency for all pixels in a region. A point
(x, y) in the t th frame can be detected as a changed pixel if
|W | deviates from 0.

4 Proposed background subtraction scheme

Here we propose a novel BGS scheme which is able to
detect moving objects in a scene by efficiently minimizing the
effects of noise, illumination variation, and non-static back-
ground in the scene. In the proposed scheme the background
scene is constructed by analyzing a sequence of linearly
dependent past image frames using GMM in the Wron-
skian framework. The changes between the constructed back-
ground scene and the considered target frame are obtained
by Wronskian change detection model.

4.1 Background construction

For any foreground segmentation scheme, the initial step is
the background construction. Accuracy of the foreground
segmentation depends on the stability of the constructed
background scene. The foreground segmentation accuracy
degrades if the constructed background is corrupted by noise.
It degrades more if the background is affected by non-static
background. Hence, an important task of any foreground seg-
mentation scheme is to construct a robust background model.

In the proposed scheme, we build the background model
by considering a sequence of previously available image
frames. We assume that linearly dependent background pix-
els at a particular location of the image frames follow
Gaussian distribution in temporal direction. The background
model is developed by considering the average of the inten-
sity values at a particular location of the previously observed
linearly dependent pixels. Wronskian function is used to
check the linear dependency for change detection [11]. Hence
in the proposed scheme we have used Wronskian function to
check whether a pixel at a particular location of the con-
structed background model (we have considered first frame
as the background model for initialization of the algorithm,
i.e., F1(x, y) = μ1(x, y)) is linearly dependent on the pixel
at the corresponding location in the subsequent frames.
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Fig. 2 Object detection for
train video sequence: a
constructed background using
proposed scheme, b target
image, c, d detected object and
corresponding VOP by the
automatic thresholding-based
BGS, e, f detected object and
corresponding VOP by the
GMM-based BGS, g, h detected
object and corresponding VOP
by the radiometric
similarity-based BGS, i, j
detected object and
corresponding VOP by the
Wronskian change detection
scheme, k, l detected object, and
corresponding VOP by the
codebook scheme and m, n
detected object and
corresponding VOP by the
proposed scheme

(a)                               (b)                                (c)                              (d)

(e)                              (f)                                 (g)                              (h)

(i)                             (j)                                 (k)                              (l)

(m)                            (n)

We test the linear dependency at pixel location (x, y) using
the following function:

|W | = 1

n

n∑

i=1

⎛

⎝
( −→

F t (x, y)i−→μ t−1(x, y)i

)2

−
−→
F t (x, y)i−→μ t−1(x, y))i

⎞

⎠, (8)

where Ft (x, y) is the target image frame and μt−1(x, y) is
the constructed background model. If the determinant of the
Wronskian matrix |W | does not deviate much from 0, the
pixel is considered as a background pixel. If a pixel at loca-
tion (x, y) is found to be linearly dependent with the back-
ground model μt−1(x, y), we update the background model
by considering the Gaussian averaging criterion as

μt (x, y) = ( j − 1)(μ(t−1)(x, y)) + Ft (x, y)

j
, (9)

where j represents the number of already occurred linearly
dependent pixels at location (x, y) until time t . If it is found to
be linearly independent then the background model at loca-
tion (x, y) will remain unaltered as

μt (x, y) = μ(t−1)(x, y), (10)

and

σ 2
t (x, y) = 1

j

j∑

i=0

|Fi (x, y) − μ(t)(x, y)|2.

4.2 Background subtraction and update

The important part of each motion detection system is BGS
which is required to extract the accurate shape of moving
objects in the scene. In the proposed scheme, for detection

of moving objects initially we consider a region of sup-
port at every pixel location of the constructed background
model (μt (x, y)) and target image frame (F(t+1)(x, y)). The
pixel at location (x, y) in the target frame can be detected
as a changed pixel if the value of the Wronskian function
(Eq. (8)) deviates from Kσt (x, y).

Thus a pixel can be classified as either object (1) or back-
ground (0), as follows:

p(t+1)(x, y) =
{

1 if abs(|W |) > Kσt (x, y)

0 otherwise.
(11)

Here, abs(.) represents the absolute value. Sometimes, it is
observed that the detected changes using the proposed tech-
nique gives disjoint regions rather than a connected one. A
connected component analysis [13] may be applied to obtain
a complete region corresponding to the moving object.

The next stage of the BGS is background updating. In the
proposed scheme at each time instant (t +1), we updated the
background model as follows:

μ(t+1)(x, y) =
{

μt (x, y) if p(t+1)(x, y) = 0
αF(t+1)(x, y) + (1 − α)μt (x, y) otherwise,

(12)

and

σ(t+1)(x, y) =
{

σt (x, y) if p(t+1)(x, y) = 0
α(F(t+1)(x, y) − μt (x, y))2 + (1 − α)σt (x, y) otherwise,

(13)

where α (0 ≤ α ≤ 1) is a user-defined constant and varies
from scene to scene.

For better illustration of the proposed technique, let
us consider an example of ‘train’ video sequence [26].
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The original video sequence is noisy and was captured in
a rainy environment. The scene also has non-static back-
ground. Figures 2a, b represent the background constructed
by the proposed scheme and the considered target image
frame of the ‘train’ video sequence, respectively. Figures 2c,
d show the moving object location and its video object plane
(VOP) obtained with manual thresholding (Th = 25)-based
BGS. It is found from the results that due to noise, illumina-
tion variation, and non-static background a lot of irrelevant
points are detected as changed pixels. It is also observed
that to eliminate the effect of noise, if the threshold value
is increased, many parts of the objects are merged with the
background. The results obtained using GMM-based BGS
scheme [31] for these image frames are shown in Fig. 2e, f,
which also fail to give good impression in this regard. Fig-
ures 2g, h show the moving object location and correspond-
ing VOP obtained by the scheme described in [30] where
the object in the scene is detected in a better way. However,
some parts (like hand, bag, etc.) of the object are merged into
background. A few background noise is also present. The
moving object location and corresponding VOP obtained by
Wronskian function [11] are shown in Fig. 2i, j, where the
object in the scene is not properly detected. Similarly, the
moving object location and corresponding VOP obtained by
codebook [16] scheme are shown in Fig. 2k, l, where the
object boundary are not properly detected and hence there
is an effect of silhouette. The results obtained by the pro-
posed scheme are shown in Fig. 2m, n. It is found from these
results that the object detected by the proposed scheme has
less effect of object-background misclassification as com-
pared with other four methods considered for BGS schemes.

5 Experimental results and analysis

The proposed technique is implemented in C/C++ and is run
on a Pentium D, 3.2 GHz PC with 16 GB RAM and Ubuntu
operating system. In order to establish the effectiveness of the
proposed technique, it is tested on three complex video and
one public available long video sequences. The considered
complex video sequences are namely ‘Water Surface’, ‘Cur-
tain’ and ‘Lobby’ [1] and PETS2006 video sequence [2]. To
validate the proposed scheme, results obtained by it are com-
pared with those of manual thresholding-based change detec-
tion scheme [7], BGS scheme using GMM [31], radiometric
similarity-based BGS scheme [30], Wronskian change detec-
tion scheme [11], and codebook-based BGS scheme [16].

Steps of different considered techniques used for compar-
ison are as follows:

Manual thresholding technique For object detection using
manual thresholding technique, we have considered the pro-
posed constructed background model as B(x, y) and the tar-
get image as Ft (x, y). The objects in the target frame can

Table 1 Average precision, recall and F-measure for “Water Surface”
video sequence

Approach Precision Recall F-measure

Manual threshold 0.46 0.72 0.55

GMM 0.86 0.85 0.85

Radiometric similarity 0.88 0.84 0.86

Wronskian 0.68 0.85 0.75

Codebook 0.51 0.71 0.60

Proposed 0.91 0.95 0.93

Table 2 Precision, recall and F-measure for “Curtain” video sequence

Approach Precision Recall F-measure

Manual threshold 0.30 0.93 0.46

GMM 501 0.83 0.76

Radiometric similarity 0.82 0.87 0.84

Wronskian 0.57 0.88 0.69

Codebook 0.85 0.88 0.86

Proposed 0.86 0.97 0.92

be detected by considering the absolute difference of the
background and the target frames followed by a thresholding
technique. Here the threshold value is manually fixed so as
to obtain a better object detection result. The threshold value
is considered in the range (0,255). In the considered experi-
ment, different threshold values used in manual thresholding-
based BGS technique are provided in Tables 1, 2, 3 and 4.
The detailed source code for the manual thresholding method
can be found in [5].

GMM based BGS For GMM-based BGS, we have followed
the steps as narrated in Sect. 2. In this experiment we have
considered the pixel distributions at each pixel as a mixture
of three Gaussian distributions. Initially, the background is
constructed by running Gaussian average. The parameters
μ and σ at each pixel location were obtained using Eqs.
(1)–(2). At t th instant of time the object at a location (x, y)

is detected using Eq. (3) and then background is updated
as in Eqs. (12)–(13). In this experiment, the parameter K
is considered in the range [1,5]. The background updating
parameter α is considered in the range [0,1]. The source code
for the GMM-based BGS can be found in [6].

Radiometric similarity-based BGS In the initial step of
radiometric similarity-based BGS algorithm a background
model is constructed. For background construction, a mov-
ing target image is constructed by analyzing two consecutive
image frames (include the target image) of the sequence using
radiometric similarity measure. For radiometric similarity-
based BGS scheme we have considered the window of size
3 × 3, 5 × 5, and 7 × 7 for different videos. This process
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Table 3 Precision, recall and F-measure for “Lobby” video sequence

Approach Precision Recall F-measure

Manual threshold 0.43 0.85 0.57

GMM 0.48 0.84 0.61

Radiometric similarity 0.73 0.91 0.81

Wronskian 0.65 0.91 0.76

Codebook 0.63 0.92 0.75

Proposed 0.87 0.94 0.90

smooths out the noisy pixels from the frames. However, this
will include the vegetation changes as part of the moving
objects. To eliminate these, a further radiometric similarity
matching is considered over the pixels of the background
model and the original pixels of the target image frames that
belong to the moving target image.

Wronskian-based BGS In this experiment we have selected a
visually good looking image frame as the background model.
The objects in the target image frame are detected using
Eq. (6). For fair comparison with the Wronskian-based BGS
technique, we have considered the same window size as that
of the proposed technique.

Codebook-based BGS In the initial phase of this experiment
a codebook is constructed for background model. For code-
book construction, we assumed that each pixel consisting of
L codewords based on its variation. Each codeword consists
of RGB color features, minimum intensity value, maximum
intensity value, frequency of occurrence of gray value, neg-
ative run length, first access time, and last access time. For a
particular location of a pixel the codeword is constructed by
matching the pixel features using two measures: color dis-
tance and brightness. If a match is found then the codeword
is updated; else a new code word is constructed. A pixel in
the target frame is detected as belonging to moving object if
a match within the codewords is not found. In this method we
have considered the parameters, α in the range [0.2, 0.7] and
β in the range [1.1, 1.8] that controls the brightness change
to vary in a certain range that limits the shadow level and
highlight level. The detailed source code for the codebook
method can be found in [10].

All the parameters considered in this experiment are fixed
in order to obtain good results.

5.1 Qualitative evaluation

The first example we have considered in our experiment is
Water Surface video sequence having a single moving object.
A person is moving on the bank of a river. This video is
acquired in a low illuminated environment with non-static
background due to change in water surface of the river.

(a) Original image frames

(b) Object detection using manual thresholding based BGS scheme

(c) VOPs generated using manual thresholding based BGS scheme

(d) Object detection using GMM based BGS scheme

(e) VOPs generated using GMM based BGS scheme

(f) Object detection using radiometric correlation based BGS scheme

(g) VOPs generated using radiometric correlation based BGS scheme

Fig. 3 Moving object detection for Water Surface video sequence
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(h) Object detection using Wronskian function

(i) VOPs generated using Wronskian function

(j) Object detection using codebook scheme

(k) VOPs generated using codebook scheme

(l) Object detection using the proposed scheme

(m) VOPs generated using the proposed scheme

Fig. 3 continued

Table 4 Precision, recall and F-measure for “PETS2006” video
sequence

Approach Precision Recall F-measure

Manual threshold 0.66 0.93 0.77

GMM 0.80 0.87 0.83

Radiometric similarity 0.68 0.90 0.77

Wronskian 0.72 0.98 0.83

Codebook 0.84 0.97 0.90

Proposed 0.90 0.97 0.93

Few original image frames of the considered video are pro-
vided in Fig. 3a. The moving object obtained by manual
thresholding-based BGS scheme [7] has detected an object
region and is displayed in Fig. 3b. Corresponding VOPs are
shown in Fig. 3c. It is observed that many parts of the sea
surface which underwent changes from one frame to another
are falsely identified as parts of moving object. The results
obtained by GMM-based BGS scheme [31] is shown in Fig.
3d and the corresponding VOPs in Fig. 3e. Similarly, the
moving object detection result and the corresponding VOPs
obtained by radiometric similarity-based BGS scheme [30]
are shown in Fig. 3f, g. It is evident that the GMM-based
scheme has produced results where many parts of the mov-
ing objects are not detected. Similarly, the results obtained
by the radiometric similarity-based BGS has produced an
effect of silhouette [33,34] in the object boundary. The mov-
ing object detection and the corresponding VOPs obtained by
Wronskian function [11] are shown in Fig. 3h, i. The moving
object detection and corresponding VOPs obtained by Code-
book method [16] are shown in Fig. 3j, k, where it is observed
that a few false alarms have been detected near the object
boundary. The moving object detection results obtained by
the proposed scheme are shown in Fig. 3l, m. It is found that
the proposed scheme has preserved the shape of the object in a
better way than that of manual thresholding-based BGS [7],
GMM-based BGS [31], radiometric similarity-based BGS
[30], Wronskian function-based BGS [11], and codebook-
based BGS [16] schemes.

The second example we have considered in our exper-
iment is Curtain video sequence having a single moving
object. A person is moving in a hall. This video is also
acquired in a low illuminated environmental condition with
non-static background due to change in the Venetian blinds.
It is quite difficult to detect the moving object from such a
scene. Few image frames of the considered video are pro-
vided in Fig. 4a. The moving object obtained by manual
thresholding-based BGS and GMM-based BGS schemes,
and corresponding VOPs are provided in Fig. 4b–e. The
moving object detected by radiometric similarity-based BGS
and Wronskian function-based BGS, and the corresponding
VOPs are shown in Fig. 4f–i. It is observed that the results
obtained by these schemes have many parts missing from the
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detected object or many parts are falsely detected as parts
of the moving objects. Similarly, the moving object detec-
tion results and corresponding VOPs obtained by Codebook
method [16] are shown in Fig. 4j, k, where it is observed that
many false alarms are detected, and hence there is an object
background misclassification. The moving object detection
results obtained by the proposed scheme are shown in
Fig. 4l, m. It is observed that the object detection accuracy
by the proposed scheme is higher than the other considered
techniques.

The third video considered in our experiment is Lobby
video sequence having a single moving object, a person mov-
ing on a hall. Few image frames of the considered video are
provided in Fig. 5a. The moving object obtained by man-
ual thresholding-based BGS, GMM-based BGS, radiomet-
ric similarity-based BGS, Wronskian function-based BGS,
and codebook-based BGS, and the corresponding VOPs are
shown in Fig. 5b–k, respectively. The moving object detec-
tion results obtained by the proposed scheme are shown in
Figs. 5l, m. The proposed technique is found to provide better
results.

The last video considered in our experiment is PETS2006
sequence. It is a publicly available database and is also a real
life challenging sequence. The video was captured over a
public railway station and represents a place over the course
of a day. Few image frames of the considered video are
provided in Fig. 6a. The moving object detected and VOPs
obtained by different considered techniques are shown in Fig.
6b–k. From these results it is observed that manual threshold-
ing, and GMM-based BGS techniques have detected moving
objects from different frames with more false alarms. Simi-
larly, radiometric similarity and Wronskian-based techniques
have detected the moving objects with less false alarms than
that of the manual thresholding and GMM-based BGS tech-
niques. Code book method has also produced false alarms
at different places along with the moving objects. The mov-
ing object detection results obtained by the proposed scheme
are shown in Fig. 6l, m. The proposed technique is found
to provide better results as compared with manual thresh-
olding, GMM, radiometric similarity, Wronskian, and code
book methods.

5.2 Quantitative evaluation

Although human beings are the best evaluator of any vision
system, it is not always possible for a human being to evaluate
the performance in a quantitative manner. Hence, it is neces-
sary to evaluate the methods in an objective way. To provide
a quantitative evaluation of the proposed scheme, we have
used three ground-truth based performance measures: preci-
sion, recall, and F-measure as in [8,25]. It may be noted that
all these measures should be high for better detection of mov-
ing objects. For all of these measures we have initially built

some manually segmented ground-truth images for moving
objects. The results obtained by the manual thresholding-
based BGS, GMM-based BGS, radiometric similarity-based
BGS, Wronskian-based BGS, codebook-based BGS, and the
proposed BGS schemes are compared with the correspond-
ing ground-truth images.

The considered three measures are obtained as follows:

Precision = True positive

True positive + False positive
, (14)

Recall = True positive

True positive + False negative
, (15)

and

F-measure = 2 × Precision × recall

Precision + recall
. (16)

Here true positive is the number of pixels correctly labeled
as belonging to the positive class (i.e., the object class). The
false positive is the number of pixels that are incorrectly
labeled as object class. Similarly false negative is the number
of pixels which were not labeled as object class but should
have been. Precision is the fraction of retrieved instances that
are relevant, while recall is the fraction of relevant instances
that are retrieved. F-measure combines precision and recall
and is the harmonic mean of precision and recall.

The average of these measures obtained for different
frames of Water Surface, Curtain, Lobby and PETS2006
video sequences are provided in Tables 1, 2, 3, and 4, cor-
respondingly. It is concluded from these tables that higher
precision, recall and F-measure are obtained for the pro-
posed BGS scheme as compared with those of other consid-
ered BGS techniques. It is observed that on the benchmark
datasets the average F-measure obtained by the proposed
technique is increased to 0.92 (from 0.53 by manual thresh-
olding technique, from 0.74 by GMM technique, from 0.84
by radiometric similarity-based technique, from 0.73 by
Wronskian technique and from 0.74 by Codebook tech-
nique). Similarly, for PETS2006 datasets, the average F-
measure obtained by the proposed technique is increased
to 0.93 (from 0.77 by manual thresholding technique, from
0.83 by GMM technique, from 0.77 by radiometric similar-
ity based technique, from 0.83 by Wronskian technique, and
from 0.90 by Codebook technique). The results obtained by
the proposed scheme has higher accuracy. A comparison of
the average execution time required by different techniques
is provided in Table 5.

5.3 Discussion and future works

In the above experiment we found that the proposed scheme
has outperformed other considered techniques like man-
ual thresholding-based BGS [7], GMM-based BGS [31],
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(a) Original image frames

(b) Object detection using manual thresholding based BGS scheme

(c) VOPs generated using manual thresholding based BGS scheme

(d) Object detection using GMM based BGS scheme

(e) VOPs generated using GMM based BGS scheme

(f) Object detection using radiometric correlation based BGS scheme

(g) VOPs generated using radiometric correlation based BGS scheme

Fig. 4 Moving object detection for Curtain video sequence

(h) Object detection using Wronskian function

(i) VOPs generated using Wronskian function

(j) Object detection using codebook scheme

(k) VOPs generated using codebook scheme

(l) Object detection using the proposed scheme

(m) VOPs generated using the proposed scheme

Fig. 4 continued

123



Change detection for moving object segmentation

(a) Original image frames

(b) Object detection using manual thresholding based BGS scheme

(c) VOPs generated using manual thresholding based BGS scheme

(d) Object detection using GMM based BGS scheme

(e) VOPs generated using GMM based BGS scheme

(f) Object detection using radiometric correlation based BGS scheme

(g) VOPs generated using radiometric correlation based BGS scheme

Fig. 5 Moving object detection for Lobby video sequence

(h) Object detection using Wronskian function

(i) VOPs generated using Wronskian function

(j) Object detection using codebook scheme

(k) VOPs generated using codebook scheme

(l) Object detection using the proposed scheme

(m) VOPs generated using the proposed scheme

Fig. 5 continued
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(a) Original image frames

(b) Object detection using manual thresholding based BGS scheme

(c) VOPs generated using manual thresholding based BGS scheme

(d) Object detection using GMM based BGS scheme

(e) VOPs generated using GMM based BGS scheme

(f) Object detection using radiometric correlation based BGS scheme

(g) VOPs generated using radiometric correlation based BGS scheme

Fig. 6 Moving object detection for PETS2006 video sequence

radiometric similarity-based BGS [30], Wronskian change
detection-based BGS [11], and codebook-based BGS [16].

(h) Object detection using Wronskian function

(i) VOPs generated using Wronskian function

(j) Object detection using codebook scheme

(k) VOPs generated using codebook scheme

(l) Object detection using the proposed scheme

(m) VOPs generated using the proposed scheme

Fig. 6 continued

The accuracy of the proposed scheme depends on few
parameters: n (the region of support), K in Eq. (11) and α in
Eqs. (12)–(13). An optimum selection of these parameters are
critical. To better assess the moving object detection results,
values of these parameters are fixed according to some pre-
liminary experiments. An over-fitting in size for region of
support (n) yields smoother boundary and a loss in small
articulated changes in the scene. It also may cause effects of
silhouette [33]. A smaller value of it will attenuate the noise
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Table 5 Average time (in
second) required for execution
of different algorithms

Video Manual threshold GMM Radiometric similarity Wronskian Codebook Proposed

Water surface 0.09 0.38 0.12 0.04 0.08 0.12

Curtain 0.09 0.38 0.11 0.04 0.08 0.12

Lobby 0.08 0.41 0.12 0.05 0.09 0.17

PETS2006 0.28 1.08 0.29 0.15 0.18 0.32

in the scene. In the above experiment we have considered a
region of support of size 3 × 3, 5 × 5, and 7 × 7. The range
of K is considered in [1,5]. However, a larger value of K
can detect small varying background objects which undergo
change in gray values due to noise or illumination variation.
Similarly, the parameter α is considered in the range [0,1].
A higher value of α gives a large effect of the current frame
in updating the background model. A smaller value of α will
give a large effect of the former background model in updat-
ing the background model.

It may happen that, after background subtraction by the
proposed scheme, some parts of the background may be iden-
tified as a part of the moving object. These are found to be
small isolated points and these arise due to large vegeta-
tion changes. To remove these irrelevance details, we have
employed a spatio-temporal motion detection filter [35].

The Wronskian-based BGS technique considers a region
of support around each pixel of the modeled background
image and the target image frame. The Wronskian func-
tion provides an overall effect of the pixel values within
the region of support from the background model to the tar-
get image frame. Hence, the proposed technique can detect
spatio-contextual changes from an image frame which is not
possible with pixel-based techniques (manual thresholding,
GMM, and codebook-based BGS techniques). Due to con-
text dependent property of the proposed scheme, it is also
expected that it will be able to discriminate the changes
which occurred in a scene due to noise and small vegeta-
tion (i.e., non static background) changes. Again, Wronskian
function uses ratio of target image and the background mod-
eled pixel values to check the variation. Hence, it also can
discriminate the effects of uniform shading, light changes,
and surface reflection in a scene. In the proposed tech-
nique we have considered an average of all linearly depen-
dent pixels at a particular pixel location of the considered
video sequence for construction of the background model.
The pixel at a particular location of background will be
linearly dependent with a pixel at same location on target
image frame if in the same location we do not have a non
static background pixel. Hence construction of background
model using a combination of only linear-dependent pixel
values will strengthen the background model and will pro-
vide a noise free robust background model. For construc-
tion of the background model, we have considered the first
frame as the initialization of the algorithm. However, to

make the background noise free, in ‘Curtain’ and ‘Water
Surface’ sequences, we initialized with average pixel val-
ues over three initial image frames at each pixel location of
that sequence.

It may be noted that the proposed scheme is a modi-
fication of the Wronskian change detection scheme [11].
Wronskian change detection scheme [11] uses the reference
image frame and the target image frame for detection of mov-
ing objects from a scene. It is observed that the Wronskian
change detection scheme [11] relies on proper selection of
reference background model for detecting changes from the
target image frame and hence is not able to provide good
results in complex scenes. However, in this article, we have
proposed a new background construction technique, which
uses Wronskian framework to collect a number of linearly
dependent frames and construct a robust background model
using them. Again in each stage of the background subtrac-
tion, the background model is updated and is able to provide
good results against different difficult situations (as discussed
above).

The proposed scheme is also successfully tested on a long
video sequence PETS2006, to prove its effectiveness. This
scene contains around 3500 image frames. Here rapid scene
updating occurs as it is a public railway station, where trav-
elers are moving around. To test the effectiveness of the
proposed scheme we also tested it on videos having dif-
ferent background clutters like speckling water, movinsg
Venetian blinds, and illumination changing scenes (as tested
in Train, Water Surface, Curtain and Lobby sequence). The
major advantages of the proposed technique are that it is
robust to noise and surface reflection, can remove the effects
of uniform shading and light changes. It is also observed
from the above experiments that the proposed scheme does
not provide better results against uneven light changes and
moving cast shadows. In few image frames of PETS-2006
sequence we found that due to light position the movement
of object/persons casts shadows on the background of the
scene (as shown in Fig. 6a). The moving object can be easily
confused with the shadow, and it is observed that unlike other
considered object detection techniques the proposed scheme
also detect the shadow as a part of the moving object (as
shown in Figs. 6l, m). It is also observed that the proposed
scheme does not provide good results against large move-
ments of the non-static background. Our future attempt will
focus on these issues.
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6 Conclusion

In this article, a new background subtraction scheme is pro-
posed that takes the advantages of the spatio-temporal modes
arising over time to characterize the appropriate background
and to detect accurate shape of moving objects from video
scenes. In the proposed scheme we initially build a back-
ground model by analyzing a sequence of linearly depen-
dent past image frames in the Wronskian framework. The
moving object in a target frame is detected by the Wron-
skian change detection model by comparing it with the
constructed background. The results obtained by the pro-
posed scheme are found to provide accurate shape of moving
objects. From experimental results we found that the pro-
posed scheme effectively detects moving objects with accu-
rate object boundary. The scheme provides good results even
for noisy scenes having illumination variation and non-static
background. It is also found to outperform the other state-of-
the-art background subtraction schemes.
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