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Abstract

Humans possess natural cognitive vision to perceive objects in a 3D space and are able to differentiate foreground and
background moving objects using their shape, colour and texture. Moving object detection is a leading and challenging
task in complex scenes which involve illumination variation, blurriness, camouflage, moving background objects, etc.
Inspired by human cognitive vision, a novel descriptor named 3D local spatio-temporal ternary patterns (3D-LStTP) is
proposed for moving object detection. The 3D-LStTP collects multidirectional spatio-temporal information from three
consecutive frames in a video by forming a 3D grid structure. The background models are constructed by using texture
and colour features. The results obtained after modelling are integrated for foreground moving object detection in complex
scenes. The performance of proposed algorithm is validated by conducting five experiments on Fish4Knowledge dataset,
four experiments on I2R dataset and four experiments on Change Detection dataset. Qualitative and quantitative analyses
are carried out on benchmark datasets. The results after investigation prove that the proposed method outperforms the
state-of-the-art techniques for moving object detection in terms of ROC, TPR, FPR, Precision and F- measure.

Keywords Background subtraction - Colour feature - Dynamic background - Moving object detection - Texture feature

Introduction conditions are the motivation for our study in automatic
detection of underwater moving objects.

In recent years, foreground and background modelling
techniques have been developed by adopting spatial, colour,
texture and temporal information in dealing with complex
scenarios. However, very few methods were tested under
extreme conditions (underwater domain). Background
subtraction by utilising different features is a commonly
used technique for detection of moving objects in complex
scenarios. In the early stage of research, the single Gaussian
model [34] was used to model the background at each pixel
location of the frame due to which it is robust to static

Moving object detection in complex video sequences is
one of the leading task for video processing applications
such as tracking and visual surveillance. The object
detection in underwater environment is a challenging task as
compared to natural video scenes. Underwater environment
videos are usually degraded due to the physical properties
(colour absorption and light scattering) of water medium.
The extraction of feature descriptors in these conditions
would raise a challenging problem which comprises noise-
corrupted video frames, often few observed to be of
poor quality, abrupt changes in illumination, shadow of

the moving objects, crowded environment, camouflaged
foreground objects, dynamic background such as swaying
trees, rippling water and camera movements. These extreme
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background but could not handle the dynamic background
variations. Stauffer and Grimson [28] proposed Gaussian
Mixture Model (GMM) to address this problem. Various
modified versions of GMM [2, 10] were developed to
improve the effectiveness of background modelling and to
handle dynamic background situations.

In recent times, techniques for identifying the number of
Gaussians “on-the-fly” have been proposed [15, 40], and
these methods are not successful. To overcome the com-
plexity of identifying the suitable shape of the probability
density function (pdf), non-parametric methods are adopted.
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Bayesian modelling for moving object detection in dynamic
scenes is proposed in [24]. The work presented in [26] uses
a joint domain-range kernel density estimation algorithm for
modelling the background and foreground by using texton
features which is employed on underwater videos as well for
testing under extreme conditions. The development of novel
features for background modelling reduces the limitations
of normal features, and the integration of several heteroge-
neous features (texture, colour and/or motion) has improved
the performance of the background subtraction technique [6,
32]. Kim et al. proposed a codebook model technique based
on clustering methodology [13]. Using colour distortion and
brightness distortion, pixel values are clustered into a set of
code words to build the background model. Several notable
changes [5] were made to improve the original codebook
model.

To construct the background model, mostly three types of
features, i.e., pixel, region and temporal based were used in
background subtraction techniques. Pixel-based features are
constructed using the information extracted from a single
pixel. Background model is affected due to the variation
of pixel characteristics in complex backgrounds. Using
pixel-based features alone may not accurately segment the
moving objects in dynamic backgrounds. However, these
features [7, 34] are effective in extracting the shape of
the moving objects. Moving object detection and tracking
by using annealed background subtraction technique are
presented by [11].

Tu et al. [30] and Tong et al. [36] proposed spatio-temporal
saliency-based moving object techniques using human cog-
nitive vision. However, these techniques framed on pixel-
based approach for modelling the background and the use-
ful information obtained from consecutive frames were not
considered which leads to noise-corrupted signal. A biologi-
cally inspired vision-based method for moving object detec-
tion in complex scenes is proposed by Zhengzheng et al.
[31]. It integrates principal component analysis (PCA) with
independent component analysis (ICA) to detect moving
objects. The author also mentioned about further improve-
ment in detecting minor objects. Jing et al. [23] proposed
an incremental technique for moving object detection
named as ISC (where I, S and C stand for incremental,
sparsity and connectivity, respectively). The constraints
of connectivity and foreground sparsity are combined for
the subspace-based objective function. Collaborative Low-
Rank And Sparse Separation (CLASS) technique is pro-
posed by Aihua et al. [39]. In this method, sparse outliers
and low-rank model are used for foreground and back-
ground modelling respectively. The author highlights the
failure of technique when the objects in foreground and
background possess similar colour. Akilan et al. [1] pro-
posed fusion-based foreground background separation by
using multivariate multimodel Gaussian distribution. In this,

a novel foreground enhancement approach is introduced by
assimilating illumination and colour measures.

Motion cues are the most reliable information for moving
object detection. Hence, moving object detection methods
are designed based on temporal information such as frame
difference [33, 38] and background subtraction [14, 18].
Frame difference method is simple and fast but it is
incapable of extracting entire contour of the moving object.
Whereas, background subtraction is a typical approach to
identify moving objects, which separates the background
model from the input frames. To build a background model
in complex scenarios, region-based methods [8, 37] are
used by taking advantage of local pixel relationships. In
[22], local binary pattern (LBP), a basic texture feature
descriptor was introduced to encode a spatial relationship
among pixels of a specific region in an image. To improve
its robustness, Tan and Triggs [29] presented a local ternary
pattern (LTP) operator by modifying the thresholding
scheme to three levels. LTP is computed from three
orthogonal planes in human action classification [19].

Scale invariant local ternary pattern (SILTP) operator,
a variant of LTP was proposed by Liao et al. [17] by
introducing a scale transform factor to handle the illumina-
tion variations in the scene. In general, the texture features
are extracted based on the relationship between the cen-
tre (reference) pixel and its surrounding neighbours. The
LTP [29] and SILTP [17] collect the texture information
within a single frame, whereas ST-SILTP [9] collects the
spatio-temporal texture information between the two con-
secutive frames. Humans possess natural cognitive vision
to perceive objects in a 3D space and able to differentiate
foreground and background moving objects using its shape,
colour and texture. The feature descriptors mentioned above
have either spatial information or spatio-temporal informa-
tion. Inspired by human cognitive vision, a new feature
descriptor named three-dimensional local spatio-temporal
ternary patterns (3D-LStTP) for complex background sub-
traction is proposed. The main contributions and novelty of
this work are stated below:

— A novel 3D-LStTP feature descriptor is proposed in
which collection of local spatio-temporal information
from three consecutive video frames by forming 3D
grid in a particular direction for a given centre pixel.

— Block-based technique along with a single histogram
model is implemented for each block.

— Two-level block-based approach is used. Background
models are constructed in big blocks for stability, while
the final foreground detection decisions are made for
small blocks to achieve finer boundary.

— Integration of segmented results obtained after back-
ground modelling using 3D-LStTP texture features
and L*, a*, b* colour features. The colour and texture
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information can compensate for their respective short-
comings and their amalgamation can bring more stable
performance on varied video sequences.

—  The performance of the proposed technique is improved
for both natural and underwater moving object detec-
tion applications.

The organisation of the manuscript is as follows: In
“Introduction”, a brief review of various moving object detec-
tion techniques is presented. Section “Local Patterns” presents
a concise review of local patterns (the LBP, the LTP and
the SILTP). Section “Proposed Moving Object Detection
Framework”™ presents background modelling using texture
and colour features. The proposed moving object detection

framework is given in “Experimental Results and Discussions”.

Experimental results of various techniques are analysed in
“Conclusion”.

Local Patterns

Local Binary Patterns (LBPs)

LBP, a basic texture feature descriptor, was introduced by
Ojala et al. [21]. For a given a central pixel in the 3 x 3

region, LBP value is calculated by comparing its intensity
value with its neighbours’ as follows:

D

LBPpr=) 2"V x f(la— 1) e))
d=0

roo={5320 @

where R is the radius of neighbours, D is the number of
neighbours, /. is the intensity value of centre pixel and I is
the intensity value of its neighbours.

Local Ternary Patterns (LTPs)

Tan and Triggs presented a local ternary pattern by
extending LBP to three-level threshold values. The intensity
values in the range of width +w around a central pixel j,
are quantised to zero, those above j. + w are quantised to +1
and those below j. —w are quantised to —1, i.e. the function
k(v) is replaced with three-valued function and binary LBP
code is replaced by a ternary LTP code as follows:

17 Uzjc‘i‘w

K@, jow)y=10, [v—j<w 3)
-Lv<j.—w
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Scale Invariant Local Ternary Patterns (SILTP)

The LBP descriptor suffers from two problems. It is sensitive
to the local noises and second is the intensity scale variation
results in false classification of two or more different patterns
into the same class. However, in the case of LTP, the first
problem is addressed by introducing three-level threshold
values and the second problem has occurred only in few
cases. To address these problems, scale invariant local
ternary pattern (SILTP) operator was presented by Liao et
al. [17]. A scale transform factor is introduced to handle the
illumination variations in the scene. For a given central pixel
in the 3 x 3 region, SILTP pattern is computed as

D—1
SILTPLT)’R = de—ao f g, 1) “)

0l Ig>(+r1) %1,
10 Iz < (1 —1) %1, (®)]
00 otherwise

fx) =

where I, is the intensity value of centre pixel, I; is the
intensity value of its neighbours, ¢ denotes concatenation
operator and 7 is a scale factor.

Proposed Moving Object Detection
Framework

In this section, we propose a 3D-LStTP-based method
for underwater moving object detection. Three consecutive
frames are selected for 3D local spatio-temporal ternary
patterns calculation by forming 3D grid. Two consecutive
frames are chosen for generating temporal background in
colour feature extraction. Background is modelled using
3D-LStTP features and Lab colour model. The flowchart
of proposed underwater moving object detection method is
shown in Fig. 1.

3D Local Spatio-Temporal Ternary Patterns
(3D-LStTP)

The proposed 3D-LStTP collects the texture information
from the 3D grid which is formed by collecting 7, t — 1 and
t —2 frames in a given video. Figure 2 illustrates the 3D grid
formation for a given reference frame ¢. After forming the
3D grid for a reference frame ¢, the features are coded based
on the directional spatio-temporal information as given in
Eq. 6.

{F{(P —a —1), F'(C), F(T), F'""}(T"), F"72(I),
F'=2(C), F""2(P—a—=1),Fl "' (P —a — 1)}
VI = mod((x + P), P); x = floor (L3=0)

Q)

Ve ps=
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where, mod(r, s) provides the remainder for r/s operation,
P represents the number of neighbours and represents the
possible direction (@ = 1,2,3,4) for spatio-temporal
neighbours’ collection.

After collecting spatio-temporal information from the
neighbours, a 3D-LStTP is constructed by calculating
the relationship between centre pixel F'~!(C) and its
surrounding neighbours as follows:

fi (FI(P—a—1), F'71(C)), fi (F'(C), F'71(0)),
fi (F1(D), F'=Y0)), fi (F771(D), F'HO)),
fi(F'=2(D), FI7H0)), fi (F'72(0)), F'71(0))
pP=8= fi(F72(P —a— 1), FI7L(O),
fi (F7Y(P —a — 1), FI71(0))
VT = mod((x + P), P): x= floor (&;‘*”)

Q)

2, a>b(l+71)

fi@b)l—gos=11, a<b(-71) (®)
0, else

Integration

The 3D-LStTP (D) value for a particular selected direction
is computed by Eq. 9.

P—1
D% = Z 3' % Y (i) 9)

i=0
Three consecutive frames were selected for 3D grid
structure formation from the given video sequences. An
example of 3D-LStTP calculation for a given centre
pixel (intensity value 200) highlighted with red colour
in the 3D grid is explained in Fig. 3. Let the direction
selected for 3D-LStTP calculation is “a =1”. The 3D
spatio-temporal neighbours collected based on Eq. 6 are
{213,199, 221,93, 112, 111, 205, 203}. The LTP values
were calculated using Egs. 6 and 7 by taking the difference
between neighbour intensity values and a scale transform
factor (r =0.05) multiplied with centre pixel value. The
threshold computed after multiplying centre pixel intensity
value with upper scale transform factor (a > b(1 + 1)) is
210 and lower scale transform factor (a < b(1 — 1)) is
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Fig. 2 3D grid formation and possible directions for spatio-temporal
information collection

190. In the first case, LTP values are coded by replacing
positive values with 2 and replacing O for negative values.
In the second case, LTP values are coded by replacing
negative values with 1 and replacing O for positive values.
Finally, 3D-LStTP value (371) is coded based on Eq. 9
by multiplying LTPs with weights for representation of
spatio-temporal structure of local 3D volume.

After identifying the local pattern, 3D-LStTP features are
used for background modelling. The feature vector length
calculated for all the four possible directions («=1,2,3,4)
is 26244 (4 x 3%), which increases the computational
complexity of the algorithm. To reduce the same, only two
directions («=1,3) are considered for feature extraction.

Background Modelling Based on 3D-LStTP Features

Each incoming frame is divided into overlapping big
blocks and non-overlapping small blocks. A histogram is
calculated for each big block using 3D-LStTP descriptor.
Suppose hl, h,%, - hf{ be the 3D-LStTP histograms and
b,l, b,%, s b,’( be the background model of each big block
of a frame at time 1,2, ....,¢ respectively. To initialise
the background model, b; value for each big block
(bg(l),b2(2), ....,b,?(t)) is taken as 1/Npp . Background
model needs to be updated for acquiring pattern changes in
each block area, which is given as:

bi (i) = (1= B) x b (i) + B x hj (i) (10)

where, $ is the learning rate and b} (i) is the i th bin of
background model at time ¢. The learning rate (o) = 0.005

@ Springer

is used for model updating. After background modelling,
probability is calculated for each big block, defined as:

Nbb

1
phb — hy (i X(b —) 11
k ; £ @) X X (bi (i) 5= (11)
where,
1 1o (i) > 5
X|b ,— | = . b 12
(k(l) th> |:0bk(’)<1v{;,,] 12)

where, be is the probability of big block belonging to the
background and Np, is the maximum possible histogram
bins. In Eq. 12, only those background patterns are taken
into account whose value is greater than the threshold.
The outcome of Eq. 12 is further used for computing the
probability of big blocks which are summed up in Eq. 11 to
get the final background patterns. Based on the probability
of each big block, small block probabilities are computed.
Further, the probability of a small block belonging to the
background is calculated as follows:

ph="5=L (13)

where, Pgb is the background likelihood of the small, m
is the number of shared big blocks by each small block
and P}”") is the probability of big block. If P® > Th,
then it indicates the small block belongs to the background,
else it is foreground. The threshold Th is calculated for
every incoming frame using Otsu’s method [12]. Otsu
introduced an automatic threshold selection technique for
picture segmentation. An optimal threshold is selected
by the discriminant criterion, namely by maximising the
discriminant measure (or the measure of separability of
the resultant classes in gray levels). The proposed method
is characterised by its nonparametric and unsupervised
nature of threshold selection. The procedure is very simple,
utilising only the zeroth- and the first-order cumulative
moments of the gray-level histogram.

Colour Features

The colour and texture information can compensate for
their respective shortcomings and their amalgamation can
bring more stable performance on varied video sequences.
For each video frame, a temporary background image is
constructed according to following equation

ift=0

0
A= _ . 14
b {(l—y)Z,’,‘wZinf ift>0 9
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Fig.3 Example to obtain the
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where, Zj is the temporary background image, ¢ is the
index for current frame, Zj,r is the incoming frame, y is the
updating rate and U is the updating time window size.
(15) For every incoming video frame, a colour difference

value is calculated between each small blocks of the
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frame and corresponding small blocks of the temporary
background image. Average of the difference values is
calculated for three colour channels individually followed
by combing the average values of each colour component.
Let N, be the number of pixels present in the small block,
then average colour difference value is computed as:

Ny
1% = Z (RbA () — Riﬁf (i)) i A € {Lx,ax, bx} (16)
i=1
1 IA 2
I=3575553 2 (—) (17)
255 x 255 x 3 Am(Lraw.bs) N;

where 72 is the summation of the colour channel difference
between the small blocks of the temporary background
image and incoming frame. Where R bA is the colour channel
intensity value of the i’ pixel in the small block of the
temporary background image, Riﬁf is the colour channel
intensity value of the i’” pixel in the small block of the
incoming frame and A represents Lab colour model. [ is
the final colour information difference of the small blocks
of the temporary background image and the incoming video
frame. It has been converted into binary image containing
foreground moving objects by selecting a threshold. The
final foreground image is generated by integrating binary
images obtained after background modelling using texture
and colour features.

The steps described above can be summarised in Algorithm
as follows:

Algorithm 1

1: Load the image sequences.
2: Three consecutive frames are selected for 3D grid structure
formation.
3: Produce the 3D volume for 3D-LStTP calculation.
4: Collect 3D spatio-temporal pattern from three dimen-
sional grid in two selected directions.
5: Construct LTPs from 3D spatio-temporal patterns using
upper and lower threshold values.
6: Calculate 3D-LStTP by applying weights on LTPs.
7. Construct histogram for 3D-LStTP features in 0° and
90°.
8: Build a feature vector by concatenating the histograms.
9: Colour features are extracted for each small block.
10: Collect separate background models using 3D-LStTP
texture and colour features.
11: Integration of 3D-LStTP and colour background mod-
els leads to final segmented result.
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Experimental Results and Discussions

In this work, the proposed method is tested on three differ-
ent benchmark datasets (Fish4Knowledge, I2R and Change
Detection datasets). The proposed algorithm is implemented
in MATLAB R2013a, 64-bit Windows8 platform with Intel
Xenon CPU@2.80 GHz and 16 GB of RAM. The perfor-
mance of the proposed method is analysed by comparing
the results with existing state-of-the-art approaches: TBGS,
Texture BGS; MBGS, Multi-Layer BGS; MCBGS, Multi-
Cue BGS; SSENSE, SubSENSE; FI, Fuzzy Integral; PM,
Proposed Method. In order to avoid any implementation
bias, the results of the state-of-the-art methods are from
the BGSLibrary [25]. The quantitative performance of the
proposed method is carried out with the following equations:

. TP
Precision = ———— (18)
TP+ FP
TP
TPR/Recall = ———— (19)
TP+ FN

2 X Precision x Recall
F — measure = — (20)
Precision + Recall

FP
~ FP+TN
where TP (true positive) is the number of pixels that are
correctly labelled as foreground, FP (false positive) is the
number of pixels that are incorrectly labelled as foreground,
TN (true negative) is the number of pixels that are correctly
labelled as background and FN (false negative) is the
number of pixels that are incorrectly labelled as background.

FPR 2D

Fish4Knowledge Dataset

The dataset [12] is classified into five categories (Blurred,
Camouflage, Complex background, Dynamic background
and Luminosity) with spatial resolution ranging from 320 x
240 to 640 x 480 pixels. The parameters, T = 0.05, size of
big block =9 x 9 pixels, size of small block =3 x 3 pixels,
o = 0.005, Npp =6560, Th =0.7, U =50 and T =0.1, are
used for experimentation. Table 1 illustrates the comparison
of the proposed method with the state-of-the-art methods
(TBGS [8], MBGS [35], MCBGS [20] and SSENSE [27])
in terms of F-measure values on Fish4Knowledge Dataset.
It can be observed from the results (as shown in Fig. 4.)
that complete object contours are detected for luminos-
ity and blurred sequences using proposed approach. High
true positive rate (TP) indicates good performance of the
proposed method in all the categories except dynamic back-
ground case (as shown in Table 1). TBGS is a background
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Table 1 Performance of various techniques in terms of F-measure on
Fish4Knowledge dataset

Category TBGS MBGS MCBGS SSENSE PM
Luminosity 056 09 0.85 0.82 091
Blurred 0.66  0.68 0.86 0.59 0.93
Complex background 0.69 0.58 0.48 0.21 0.8

Camouflage 0.42 0.66 0.77 0.42 0.83
Dynamic 0.43 0.32 0.33 0.81 0.76

The best performance for each category is given in italics

modelling technique by utilising LBP as a texture feature.
The algorithm fails in uniform region and small changes in
intensity value of the given pixel rise to different LBP code.
Moreover, LBP histogram is not capable to perfectly model
the non-stationary scenes.

The detection results in case of dynamic background are
not better, due to inclusion of background in foreground
objects. This resulted in poor performance of algorithm with

Fig.4 Qualitative comparison
of the proposed technique with
state-of-the-art methods on
Fish4Knowledge

Luminosity

Original

GT

TBGS

MBGS

MCBGS

SSENSE

PM

high false positive (FP) rates. Whereas, a non-parametric
approach, i.e. SSENSE, efficiently handles the dynamic
background environment. However, SSENSE approach in
the complex background scenes has not observed objects
resulting in high false negative (FN) values which could
significantly lower the algorithm performance.

MBGS is a combination of texture and colour features
which enhance the background modelling performance as
compared to TBGS. However, MBGS approach is not
efficient for precise moving object segmentation due to
extraction of texture features based on the LBP operator
which is exploited by image noise in uniform regions.
MCBGS technique had low F-measure values in complex
and dynamic background scenes, as it fails to detect the
objects in foreground and background possessing similar
colour and texture.

Further, the performance of the proposed method is also
analysed with ROC curve as shown in Fig. 6. From the
results presented in Table 1 and Figs. 4, 5 and 6, it is clearly
observed that the proposed method outperforms the existing
methods on Fish4Knowledge dataset.

Complex Camouflage

Dynamic
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Fig.5 The bar charts of TFR,

FPR, Precision and F-Score
metrics for a Blurred,

b Complex Background and

¢ Camouflage Background
sequences of Fish4Knowledge
dataset
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Change Detection Dataset

The dataset [4] consists of four video sequences (Office,
Fall, canoe and fountain02) are considered for experimen-
tation. Figure 7 illustrates the qualitative comparison of
the proposed method with existing techniques on change
detection dataset. Table 2 illustrates the comparison of the
proposed method with the state-of-the-art methods (Pfinder
[34], TBGS [8], FI [3] and MBGS [35]) in terms of F-
measure values on Change Detection Dataset.

100
90
80

g

2 60

g

g2 50

% —x—TBGS

& 40 —+SSENSE

g 30 +MBGS
20 ——3D-LStTP
10l ——MCBGS
0
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 4.0

False positive rate (%)

Fig.6 Comparison of various algorithms in ROC for blurred
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First video sequence (Office) depicts indoor scene which
shows objects in dynamic and stationary positions with
conjugative time intervals. Other three sequences contain
outdoor scenes exhibiting dynamic background motion.
The objective of the experiments is to illustrate the ability
of the proposed method to deal with complex dynamic
scenes.

Pfinder method models the background using single
Gaussian probability density function (pdf). Single Gaus-
sian pdf is not suitable for dynamic scenes. It performed
poorly for Canoe and Fountain02 categories and achieved
comparable F-measure values in Office and Fall categories.

In FI technique, foreground detection is made using
the Choquet integral by aggregating colour and texture
similarity measures. It performed well in Office, Fall
and Canoe categories, but cannot able to detect most of
foreground regions leading to very poor F-measure value
for Fountain02 video sequence. TBGS method displayed
comparable performance in all categories with fewer false
positives (FP) rates. MBGS technique resulted with poor
F-measure value in all the categories due to more number
of false positives (FP) and less true positives (TP) values
except in Fountain02 category.

From Table 2 and Fig. 7, it is evident that the proposed
method outperforms the state-of-the-art methods on Change
Detection Dataset.
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Fig.7 Qualitative comparison
of the proposed technique with
state-of-the-art methods on

Change Detection dataset Original

GT

Pfinder

TBGS

MBGS

I12R Dataset

In this dataset [16], four dynamic texture video sequences
(Campus, Curtain, Lobby and Fountain) are considered for
experimentation. Figure 8 illustrates the qualitative compar-
ison of the proposed method with existing methodologies
on Campus, Curtain and Fountain video sequences. Table 3
illustrates the comparison of the proposed method with the
state-of-the-art methods (TBGS, MBGS, MCBGS, FI, ISC
[23], CS-SILTP [18], SILTP [17], ST-SILTP [9]) in terms of
F-measure values on I2R Dataset.

The Fountain sequence contains people moving against
a background of a fountain with varying illumination.

Table 2 F-Measure values of various techniques on Change Detection
dataset

Category Pfinder TBGS FI MBGS PM
Office 0.8 0.72 0.76 0.74 0.83
Fall 0.78 0.79 0.74 0.71 0.82
Canoe 0.47 0.7 0.71 0.53 0.73
Fountain02 0.53 0.75 0.44 0.8 0.81

The best performance for each category is given in italics

Office

Fountain02

Canoe

The foreground objects in the dataset are stationary for a
particular time period. In pixel information-based methods
such as TBGS, MBGS, FI and ISC except MCBGS, most
of the foreground information is lost as a result of pixel-
level processing. In contrast, block-based techniques (CS-
SILTP, SILTP, ST-SILTP and the proposed method) are
able to extract most of the foreground objects, due to the
consideration of neighbouring pixel information.

In Campus sequence, proposed and ST-SILTP techniques
are sensitive enough to detect small foreground movements
against dynamic backgrounds in an improved manner in
comparison to others. TBGS and ISC methods fails to detect
the foreground objects, whereas MBGS and SILTP are able
to extract the smaller objects against dynamic backgrounds
with some FP values. MCBGS and FI techniques showed
comparable performance with other techniques.

In Curtain video sequence, waving curtains are the main
disturbing factor in the background. The MCBGS, FI and
CS-SILTP methods are able to extract foreground object
with having few FP values, causing a small F-score. TBGS
and MBGS output contains small holes inside the fore-
ground object shown in Fig. 8, whereas ST-SILTP, SILTP
and our proposed methods are able to segment the entire
foreground object resulted in higher F-measure values.

@ Springer
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Fig.8 Qualitative comparison
of the proposed technique with
state-of-the-art methods on I2R

dataset o
Original

GT

TBGS

MBGS

MCBGS

FI

PM

Lobby video frame is an indoor scene with non-uniform
illumination. TBGS, MBGS, MCBGS, FI and ISC are pixel
information-based techniques which cannot adapt to global

Table 3 F-Measure values of various techniques on I2R dataset

Category Fountain Campus Curtain Lobby
TBGS 0.77 0.68 0.7 0.62
MBGS 0.74 0.75 0.75 0.65
MCBGS 0.82 0.79 0.76 0.67
FI 0.71 0.8 0.68 0.72
ISC 0.71 0.28 0.29 0.57
CS-SILTP 0.85 0.75 0.74 0.77
SILTP 0.85 0.68 0.92 0.79
ST-SILTP 0.86 0.85 0.94 0.86
PM 0.87 0.86 0.88 0.87

The best performance for each category is given in italics

@ Springer

Campus

Fountain Curtain Lobby

illumination variations. CS-SILTP, SILTP, ST-SLITP and
proposed method are block-based techniques which are
observed to be more stable in similar cases.

Campus and Curtain video sequences consist of large-
area dynamic background. The foreground connectivity
gives rise to negative effect in ISC technique. A misconcep-
tion of moving object is observed by assuming background
as foreground objects. Therefore, the ISC method produced
smaller F-measure values as shown in Table 3.

From Table 3 and Fig. 8, it is clear that the proposed
technique performed well on Fountain, Campus and Lobby
video sequences and comparable on Curtain video sequence
by comparing with the state-of-the-art methods.

Computational Efficiency
The total algorithm complexity lies in texture and colour

computation. Texture feature computation is O(RCD),
where R and C are the numbers of big blocks row- and
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Table 4 Average processing time per frame on Fish4Knowledge dataset

Methods TBGS MBGS MCBGS SSENSE PM

Time (s) 0.658 1.195 1.153 0.158 0.721

columnwise, and b is the size of the big block. Whereas
colour feature computation is O (rcs), where r and c are the
numbers of small blocks row- and columnwise, and s is the
size of the small block. The computation complexity of the
colour feature is very less as compared to that of texture
feature. So, the colour feature complexity was neglected
while calculating entire image computation.

For the entire video, computation is O(T XY RCb),
where 7T is the number of frames and X x Y is the
frame size. The average processing time per frame of
the proposed method in comparison to the state-of-the-
art techniques is indicated in Table 4. From Table 4, we
observed that our approach’s average processing time per
frame is less as compared to the existing methods of MBGS
and MultiCueBGS and more as compared to the existing
methods of Texture-BGS and SubSENSEBGS.

Conclusion

In this work, a new 3D-LStTP feature descriptor has been
proposed. In 3D-LStTP descriptor calculation, collection
of the neighbours is based on local spatio-temporal
information from three consecutive video frames by
forming a 3D grid in a particular direction for a given centre
pixel. The background models are constructed using 3D-
LStTP texture and colour features. The segmented results of
texture and colour features after background modelling are
combined for detection of moving objects in the presence
of various extreme conditions. The effectiveness of the
proposed method is tested by conducting five experiments
on Fish4Knowledge dataset, four experiments on I2R
dataset and four experiments on Change Detection dataset.
The performance of proposed method outperforms that
of state-of-the-art methods qualitatively and quantitatively
under various complex scenarios. The processing time
of the proposed method can be reduced by optimising
the parameters and implementing the code on real-time
platforms like OpenCV.

In future work, aim will be on deep learning techniques
for moving object segmentation and also improving our
proposed method to handle the similar appearance of
foreground and background objects. An approach for
adaptively adjusting the weights of texture and colour
features may boost the segmentation results. Further,
making the proposed method computationally efficient for
real-time application also needs to be investigated.
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