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ABSTRACT:

Background subtraction-based techniques of moving object detection are very common in computer vision programs. Each technique
of background subtraction employs image thresholding algorithms. Different thresholding methods generate varying threshold values
that provide dissimilar moving object detection results. A majority of background subtraction techniques use grey images which reduce
the computational cost but statistics-based image thresholding methods do not consider the spatial distribution of pixels. In this study,
authors have developed a background subtraction technique using Lab colour space and used spatial correlations for image
thresholding. Four thresholding methods using spatial correlation are developed by computing the difference between opposite colour
pairs of background and foreground frames. Out of 9 indoor and outdoor scenes, the object is detected successfully in 7 scenes whereas
existing background subtraction technique using grey images with commonly used thresholding methods detected moving objects in
1-5 scenes. Shape and boundaries of detected objects are also better defined using the developed technique.

1 INTRODUCTION

A moving object is extracted from video frames using moving
object detection techniques. The detected object is used in traffic
monitoring, security surveillance, site monitoring, face
detection, military applications, photography, and robotics
(Kamate & Yilmazer, 2015; Kumar, et al., 2016). Moving object
detection techniques can be divided into two major categories:
Background-based and Frame-based techniques. Background-
based techniques use static background and detect the moving
object by processing it with the incoming frame (Piccardi, 2004).
Two or more consecutive frames are used in frame-based
techniques. Among all the background-based techniques,
background subtraction using grey images is the most commonly
used technique. A detailed literature on moving object detection
techniques is available (Mclvor, 2000; Shaikh, et al., 2014;
Piccardi, 2004; Hu, et al., 2004). Further, due to noise present in
the camera scene, different background modeling methods are
introduced to model the background but background modeling
comes with a computing cost. Some techniques also use RGB
scheme for scene processing (Chun-yang, et al., 2013;
Cucchiara, et al., 2003; Nummiaro, et al., 2003; Horprasert , et
al., 1999; Carmona, et al., 2008). Researchers have also utilized
HSV, LUV, and Lab colour spaces to detect moving objects and
eliminate shadows detected with the moving objects (Shan, etal.,
2007; Chen & Lei, 2004; EIl Baf, et al., 2008). Application of
RGB bands is also less relevant because the pixel values in RGB
bands are correlated (Piva, et al., 1999).

In background subtraction techniques, an incoming frame (or
foreground frame) is subtracted from the background frame and
the difference is subjected to a threshold value. Unwanted noise
is removed using a threshold. Image thresholding is an integral
part of moving object detection as it is used with every technique
to extract moving object out of noisy frames (Mclvor, 2000;
Sezgin & Sankur, 2004). There exist different thresholding
methods such as Otsu threshold (Otsu, 1979), adaptive threshold
(Bradley & Roth, 2007; Wellner, 1993), iterative Gaussian

clustering (Ridler & Calvard, 1978; Sahan, et al., 2016),
histogram based threshold (Glasbey, 1993; Kapur, et al., 1985;
Carabias, 2012), and minimum error threshold (Kittler &
Illingworth, 1986), but it is difficult to find a method which
works under different scene conditions. Different methods
provide different threshold values which result into varying
outputs for moving object detection. A wrong threshold value
results in partial or complete disappearance of the object.

This research paper is focused on the improvement of a
background subtraction technique by incorporating colour bands
of opposite colour pairs and introducing image thresholding
using spatial segmentation. A new background subtraction
technique using Lab colour space is proposed in which correlated
RGB colour space bands are converted to uncorrelated Lab
colour space (L: lightness, a: red-green opposite colour pair, and
b: blue-yellow opposite colour pair). Opposite colour pairs in the
background are subtracted from those in the foreground. Effect
of change in scene light is reduced by using opposite colour pairs
in this technique. Furthermore, four different automatic image
thresholding techniques using spatial correlation are also
developed as statistics based thresholding methods do not
consider the spatial distribution of pixels. Output from grey
image based moving object detection technique using existing
automatic image thresholding is compared with results from Lab
colour space background subtraction using spatial correlation
based automatic image thresholding.

2 METHODOLOGY

Video frames in RGB colour space are transformed into Lab
colour space (Alessi, et al., 2004). Opposite colour pairs of the
background are subtracted from opposite colour pairs of
incoming frames. Spatial correlation between the differences is
calculated which is subjected to threshold as described in Figure
1. Effect of light change in the camera scene is reduced by
ignoring lightness component of the Lab colour space
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Figure 1. Moving object detection using Lab colour space and spatial correlation

2.1 Background and Foreground Subtraction

Lab colour bands of background and foreground images are
subtracted and the difference bands of L, a, and b are computed
(egn. 1). The difference between background and foreground
frames is further processed for moving object detection.

AL = |LBackground - LForegroundl
Aa = |aBackground - aForegroundl (l)
Ab = |bBackground - bForeground |

2.2 Spatial Correlation

With the assumption that the moving object is present in both the
differences of opposite colour pairs (eqn. 1), physical location of
pixels corresponding to moving object should overlap in both the
differences. Spatial correlation between Aa and Ab is
determined. Three different methods of spatial correlation are
used to detect the moving object. These methods are Moran’s
Index (Anselin, 1995), Jaccard’s Index (Jaccard, 1912), and
cross-correlation (Proakis & Manolakis, 1996; MathWorks,
2018). The coefficients at each pixel location is calculated using
window operations as shown in Figure 2.

Correlation
Calculation

Correlation

Coefficient -

Figure 2. Spatial correlation calculation between two images

221 Windowed Operation to Calculate Coefficient
Indices: Differences of opposite colour pairs are divided into
small segments using a moving window of size 3x3 (or a higher
odd number). Thereafter, correlation index between windowed
segments is calculated (Figure 2). This way a matrix consisting
of correlation indices is created. This process is repeated for
different widow sizes and finally all the matrices are summed to
obtain the final matrix consisting of correlation indices.

222 Sliding and Non-Sliding Window Operations: In a
sliding window operation, the window moves from one pixel
location to the next and the calculated coefficient index is
assigned to the pixel corresponding to the central position of the
moving window. In a non-sliding window operation, the window
jumps from one pixel location to another such that it does not
overlap from one location to another and the correlation index is
assigned to all pixel locations within the window. Moran’s and
Jaccard indices are calculated using sliding window operation
whereas cross-correlation coefficients are calculated using both
the sliding and non-sliding window operations.

2.3 Coefficient Thresholding

A moving object is detected by thresholding coefficient matrices.
An image threshold is applied to all positive coefficients and a
pixel is marked as a moving object only if the correlation
coefficient is greater than the threshold coefficient value (egn. 2)
which is obtained using the conditions given in Table 1. Different
threshold criterion are selected for different methods of
coefficient calculation because they use different statistics.

Moving Object Pixel =

{Yes, if Correlation Coefficient > Th @)
No, Otherwise
Coefficient Threshold

Cross-Correlation 0.1

(sliding window) X max (Correlation Coefficient)
Cross-Correlation 0.1

(distinct window) X max (Correlation Coefficient)
Moran’s Index 0.1 x max (Moran's Index)

Jaccard Index 0.9 x max (Jaccard Index)

Table 1. Threshold selection criteria using spatial correlation
coefficients
3 RESULTS AND DISCUSSIONS

3.1 Dataset

]
!

(a)

Figure 3. Indoor and outdoor camera scenes

The video dataset with a single moving object is collected in both
indoor and outdoor conditions. For indoor conditions, an object
starts moving from far end towards the camera in a long hallway
with regular fluorescent lights. The lights were adjusted to
collect data in two different light conditions as High and Medium
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light (Figure 3a, b). A parking lot is selected as an outdoor scene
where natural sun light is the light source. The moving object and
camera scenes were not exposed to direct sunlight (Figure 3c)

Figure 4. Moving objects in indoor and outdoor scenes (from
left to right: Object 1 (O1) indoor, Object 1 outdoor, Object 2
(O2) indoor, Object 2 outdoor, Object 3 (Os3) indoor and Object
3 outdoor)

1
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In order to test the developed moving object detection technique,
videos with distinct moving objects are captured. Objects are
differentiated in terms of their shape and appearance (Figure 4).

3.2 Moving Object Detection

Figure 5, Figure 7, and Figure 6 show outputs from the developed
methodology (section 2) of moving object detection. Results
from the developed methodology are compared with other
commonly used background subtraction techniques using
different image thresholding methods. Each column in these
figures shows results from different methods. In Figures 5-7,
columns from left to right depict, 1) cross correlation using
sliding window, 2) cross correlation using distinct window, 3)
Moran’s index,4) Jaccard coefficient, 5) Otsu, and 6) Adaptive
thresholding. Six different existing thresholding methods
(iterative Gaussian, entropy, minimum error thresholding,

Figure 7. Moving object detection in indoor high light scene (Row 1: Object 1, Row 2: Object 2, Row 3: Object 3)
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moving average, Otsu, and Adaptive thresholding) are used with
the background subtraction technique using grey images. Among
the six methods, only Otsu and Adaptive thresholding detected
the moving object.

It can be observed that moving object detection failed using the
Adaptive thresholding technique (last column in Figure 5-Figure
6). An object of a darker shade of colour could not be detected
(Figure 5, row 3) in indoor medium light conditions. However,
other objects of lighter shades are detected under similar light

sliding and distinct windows gives better results than
thresholding using Moran’s and Jaccard indexes. Boundary and
shape of the object are also better defined when the object is
detected using cross-correlation thresholding. Moran’s and
Jaccard index-based thresholding results are noisier than cross-
correlation. Further investigation of results leads to the
conclusion that shapes and boundaries of detected objects are
better defined when the threshold is calculated using cross-
correlation distinct window operation (column 2, Figure 8)

conditions (Figure 5, row 1 and 2). The
effect of light conditions in a camera Thresholding Method
scene is demonstrated in Figure 7 (row

3) where an object of darker shade was
detected in indoor high light conditions.

Object detection rate using Otsu and
Adaptive thresholding techniques is

lower than techniques using Lab colour

space and spatial segmentation. Both
Otsu and Adaptive thresholding-based

techniques failed to detect the moving 4
object as Otsu thresholding detects | 6. Adaptive Threshold

Indoor Indoor High Outdoor Yes
Medium Light Light Daylight No
O1 | 02| 03|01 |02|03]|0:1]02] O3
1. Spatial Correlation
using sliding window Yoy N Yo Y (Y Y|y N 12
2. _Spatl_al _Correl_atlon vy Iy INIYy Iy Iy Iy |y IN |72
using distinct window
3. Moran’s Index Y Y N Y Y N N N N 4/5
4. Jaccard Index N N N |Y |Y |N Y |[Y |Y |54
5. Otsu Threshold N N N |Y |Y |N Y |[Y |Y |54
N N N N N | N N N |Y |18

partial object and Adaptive thresholding detects background
with partial object. Although Otsu thresholding failed to
completely detect the object, whenever the contrast between
background and foreground was better, Otsu thresholding
resulted in better object detection (only upper body of the
moving object) than when the contrast was poor (Figure 5-Figure

6).

In the indoor and outdoor, medium and high light conditions,
spatial correlation-based image thresholding gave better moving
object detection results than Otsu or Adaptive thresholding-
based detection. Figure 8 shows a larger picture of a detected
object (left-most object in Figure 4) in all scenes and light
conditions. Each column of Figure 8 shows moving object
detection results from (left to right) cross correlation using
sliding window, cross correlation using distinct window,
Moran’s index, Jaccard coefficient, and Otsu thresholding.
Spatial correlation-based techniques detected a complete moving
object in comparison to a partial detection using Otsu
thresholding.

Figure 8. Detailed detected object in indoor and outdoor scenes

A comparison of moving object detection results from Figure 5 -
Figure 6 is given in Table 2. The last column in the table gives
the total number of camera scenes where a moving object was
detected vs not detected. Among the four spatial correlation-
based techniques, thresholding with cross-correlation using

Table 2. Comparison of moving object detection results using
six different techniques of image thresholding

4 CONCLUSIONS

Moving object detection results are affected by the image
threshold value used in extracting the moving object from a
camera scene. Different image thresholding techniques give
different threshold values which result in the detection of moving
objects at various levels. Most image thresholding techniques
use grey images converted from RGB images. As R, G, and B
bands are correlated, moving object detection is not feasible. A
new background subtraction technique using un-correlated Lab
colour space is developed and the image threshold is determined
using spatial correlation. A matrix consisting of spatial
correlation indices is calculated and the moving object is
detected by using the thresholding correlation coefficients with
the highest correlation. Results from the developed techniques
are better than the results obtained from Otsu and Adaptive
thresholding-based background subtraction techniques. Four
spatial correlation determination methods are developed where
two of them are based on auto-correlation and the other two are
Moran’s and Jaccard indices. The most commonly used Otsu
image thresholding method failed to detect the complete object
under different light and scene conditions. Spatial cross-
correlation determination using distinct window gave better
results in terms of complete detection of the object and its
boundary when compared with results from cross-correlation
using sliding window, Moran’s Index, and Jaccard Index. In low
light and under poor contrast conditions between foreground and
background, all the methods under consideration failed to detect
the moving object. Techniques developed in this study also
detected shadows of the moving object. In future, frames with
poor foreground-background contrast and shadows can be
processed further to detect the moving object and remove
shadows by implementing shadow removal techniques.
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