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Abstract: In this paper, we propose a method for calculating the dynamic background region in a video
and removing false positives in order to overcome the problems of false positives that occur due to
the dynamic background and frame drop at slow speeds. Therefore, we need an efficient algorithm
with a robust performance value including processing speed. The foreground is separated from the
background by comparing the similarities between false positives and the foreground. In order to
improve the processing speed, the median filter was optimized for the binary image. The proposed
method was based on a CDnet 2012/2014 dataset and we achieved precision of 76.68%, FPR of 0.90%,
FNR of 18.02%, and an F-measure of 75.35%. The average ranking across categories is 14.36, which is
superior to the background subtraction method. The proposed method was operated at 45 fps (CPU),
150 fps (GPU) at 320 x 240 resolution. Therefore, we expect that the proposed method can be applied
to current commercialized CCTV without any hardware upgrades.

Keywords: motion detection; background subtraction; foreground segmentation; surveillance; video
signal processing

1. Introduction

Motion detection algorithms that can be applied to surveillance cameras, such as Closed-Circuit
Television (CCTV), have been studied extensively and should have robust performance results;
processing speed is also an important factor. If the processing speed is slow, the performance degradation
can occur due to frame drop. According to CDnet 2014 [1], in low frame rate video experiments,
the performance is affected. In the case of a video stream, if the processing speed is slow, the frame
is delayed to receive a non-continuous image. As a result, the performance of the motion detection
algorithm that uses the information of the previous frame is degraded. Another important issue in
motion detection algorithms is the elimination of false positives in dynamic backgrounds, such as leaves,
rivers, and so on.

The purpose of this paper is to propose an algorithm with robust performance and fast
processing speed. We propose a false positives elimination algorithm and a speed optimization
method. The proposed method is compared with conventional algorithms based on the CDnet
2012/2014 dataset [1,2]. The proposed method uses RGB color values to remove false positives in
the dynamic background region. We define dynamic background samples to collect false positives
and generate a dynamic background region by analyzing the video scene for this purpose. When the
foreground is detected in the dynamic background region, it is removed by re-checking for similarities
with false positives and the foreground. In addition, a median filter optimization for binary images
to improve processing speed is also presented. Generally, the median filter requires a significant
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amount of computation because it has to be aligned for the values in the mask for every pixel. In the
proposed method, using the integral image of the binary image, a median filter with efficient processing
regardless of mask size is applied. In this paper, we describe the related works and the proposed
method in Sections 2 and 3, respectively. In Sections 4 and 5, comparative performance values and
conclusions will be presented.

2. Related Work

Various techniques have been proposed in relation to motion detection algorithms. Recently,
techniques based on deep learning have been proposed and achieved good performance [3-6].
In FgSegNet [3], features are extracted using triplet CNN encoder. Feature pooling module is used to
extract features at multiple scales for the features extracted from the triplet CNN encoder. Learning
Multi-scale Features for Foreground Segmentation (FgSegNet_v2) [4] uses a CNN-based approach of
flexible encoder-decoder type. In addition, it improved the structure of the Feature Pooling Module
proposed in FgSegNet [3]. The structure of Feature Pooling Module was improved in FgSegNet_v2 [4]
as well; this can extract features at multiple scales with wider receptive fields than the Feature Pooling
Module, which makes it possible to find everything from small to large. However, due to hardware
dependency and dataset overfitting, motion algorithms are still unable to run on an embedded board
equipped with a CCTV system.

Motion detection algorithms generally approach background models by modeling background
subtraction. There are many ways to model background information. Among these are parametric
probability density functions (such as the Gaussian mixture background model [7]), the RPCA
method [8-10], and the non-parametric approach. SharedModel [11] is based on Gaussian mixture
modeling, which takes the relationship between pixels and background samples into account. Recently,
Spatiotemporal GMM for Background Subtraction with Superpixel Hierarchy (STSHBM) [12] has
been used for expanding into the temporal domain as well as the spatial domain using hierarchical
super-pixel segmentation, spanning tree, and optical flow. Total Variation Regularized Robust Principal
Component Analysis (RPCA) for Irregularly Moving Object Detection Under Dynamic Background
(TV-RPCA) [13] analyzes in the temporal domain and the spatial domain using RPCA. The method of
extending to the spatiotemporal domain shows robust performance but requires a considerable amount
of computation. In addition, there are many ways [14-16] to extend to the spatiotemporal domain.

The non-parametric approaches typically use color components and local textures as background
information. Multimode Background Subtraction (MBS) [17] classifies backgrounds based on pixel sets
using RGB and YCbCr channels. Various local pattern methods have been proposed that are similar
to Local Binary Patterns (LBP) [18,19]. Among them, Bilodeau has revealed that LBSP performs well
when it is used with a background subtraction algorithm [20]. Self-Balanced SENsitivity SEgmenter
(SuBSENSE) [21] uses a background modeling method using color/LBSP information based on
ViBe+ [22] and PBAS [23]. When using a background subtraction algorithm, it is important to prevent
false positives for dynamic backgrounds such as leaves and rivers. Various methods have been
proposed to remove false positives in previous studies. Spatiotemporal Low-Rank Modeling for
Complex Scene Background Initialization (SRPCA) [24] generates a motion-compensated binary
matrix using optical flow to remove redundant data. Then, a set of dynamic frames is generated from
the input image to prevent the detection of false positives. Universal Background Subtraction Using
Word Consensus Models (PAWCS) [25] uses persistence, which represents the value of the background,
to keep the true information in the dynamic background, and to remove the false information to
prevent the detection of false positives in the dynamic background. Similarly, a Weight-Sample-Based
Method for Background Subtraction (WeSamBE) [26] uses weights on collected background samples
and updates the background according to these weights. A sliding window and self-regulated
learning-based background updating method for change detection in videos (SWCD) [27] uses a sliding
window approach combined with dynamic control of update parameters for updating background
frames, which we call sliding window-based change detection.
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Also, other approaches to motion detection in surveillance cameras have been proposed.
To perform motion detection on a moving camera, Wu et al. [28] proposed a method to reconstruct
BG motion through a fast inpainting algorithm for pixels in a coarse foreground area. Sparse and
low-rank representation with contextual regularization (SLRC) [29] proposed the use of dedicated
backgrounds for multiple scenarios using dictionary learning-based sparse representation in order to
perform motion detection for multiple cameras.

3. Proposed Method

The proposed method is a motion detection algorithm based on background subtraction.
A flowchart of the method is shown in Figure 1. The method consists of five modules: background
samples, Background (BG)/Foreground (FG) classification, False Positive (FP) re-check, feedback process,
and post-processing. The background sample module is a module that saves and collects background
samples used to classify between the foreground and background. The BG/FG classification module
calculates the distance between the current input image and the background samples, to determine
whether it is foreground or background. This is described in more detail in Sections 3.1 and 3.2. The FP
re-check module performs a re-check to prevent the false positives that can occur when background
items such as trees or rivers are moving. In this paper, we define a candidate region in which a dynamic
background can exist, and use dynamic background samples to collect false positives. When the
foreground is detected in the dynamic background region, it is removed by re-checking for false positives
in the dynamic background samples. The feedback process module updates the parameters used in the
background samples and the BG/FG classification module. The post-processing module is a module for
processing the filter operation and morphology operation, to improve the quality of the resulting image.
This is described in more detail in Sections 3.3-3.5.
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Figure 1. Flowchart of the proposed method.
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3.1. Background Samples

Since the proposed algorithm operates based on background subtraction, it is essential to collect
background samples. In this paper, we used the sample consensus method used in SuBSENSE [21].
The background samples have the same resolution as the input image. The number of samples is fixed
at 50.

B! (x) € {B(x), B4(x)... By (x)} M

where t is the index of the frame, 1 is the index of the background samples, and x is the index of
the pixel. The components of background samples include color and texture information. Color
information uses RGB pixel values, while texture information uses LBSP [19] values. The LBSP is
a texture feature similar to the LBP. Research has shown that using the LBSP [19] feature in the
background subtraction algorithm achieves good performance [20]. The mask shapes of the LBP and
LBSP are shown in Figure 2.
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(a) (b)
Figure 2. Mask shape of the LBP and LBSP: (a) LBP and (b) LBSP.

The LBP [18] uses the pixel values of eight marked areas in a 3 x 3 mask, while the LBSP [19]
uses pixel values of 16 marked areas in a 5 x 5 mask. Both texture features are calculated using the
pixel values of the marked area in the mask, and the reference pixel value. In this paper, we used the
LBSP [19] calculation method used in SUBSENSE [21]. Equations (2) and (3) are used to calculate the
mask values of the LBP [18] and LBSP [19], respectively:

mLBP(Zp,Zx) - {0 OJ;PJ‘lerpwiseXH @)
L 1, if |lip—ix]| < Ty-i
mLBSP(lp' i) = {O otherpwisex ) ©)

where i), is the pixel value of the area of the colored part in the mask, iy is the reference pixel value,
T, is the threshold value in the LBP [18], and T, (=0.3) is the threshold ratio used in the LBSP [19].
In Equation (3), the LBSP [19] uses the reference pixel value and the threshold ratio to calculate the
mask value. The mask value of the LBSP [19] is calculated as 0 or 1 by comparing the absolute
difference of i, and i, with the calculated threshold value. This method allows the LBSP feature values
to adaptively respond to the pixel distribution for the contrast. After calculating the value of the
LBSP mask, the process of encoding these values into a 16-bit binary string is performed. Equation (4)
represents a formula for converting the calculated LBSP mask values into a 16-bit binary string:

15
LBSP(x) = Y _ mypsp(ip,ix) - 2V 4)
p=0

Since this process cannot individually store 16 binary numbers (1 bit) based on the characteristics

of computer structure, it is essential to have effective data capacity when it is expressed as one 16-bit
number. Due to the characteristics of a video, scenes will change as time passes. Therefore, it is essential
that the collected background samples are properly updated. In this study, the background samples
were updated using the method of Barnich [30] and Van Droogenbroeck [22]. For each frame, the color
component of the current input image and the LBSP [19] component are collected with a probability
of 1/T¢(x). Components to be updated are randomly selected and updated among 50 background
samples. This update method has the advantage of using both previous and current information.
The background update parameter T;(x) is calculated for each frame in the feedback process module.

3.2. BG/FG Classification

The BG/FG classification module classifies the foreground and background in the input image
based on background sample information in the background samples module. Equation (5) represents
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a formula for calculating the foreground /background in the input image. This equation is the same as

in SuBSENSE [21]:

5t (x) = 1, if N{dist(I'(x), B}, (x)) < Rdist){t = 1)(x)} <2 )
0, otherwise

In the above equation, It(x) is the input image, while S’(x) is the binary image with the
foreground (1) and background (0) separated. dist(I’(x), B!, (x)) returns the L1 distance and hamming
distance of the input image I’(x) and the background sample B/, (x). The example of the FG/BG
classification is shown in Figure 3. Equation (6) shows how to calculate the L1 distance. Figure 4 shows
how to calculate the hamming distance.

L1distance = || I'(x) — BL,(x)|| ©)

(b)
Figure 3. FG/BG classification. (a) Input image I*(x) and (b) binary image S*(x).

[1fr]r]rfofoofofofufefofeft]u]t]

[1][1]1]ofofofofofs]t]of1]1]ofo]o]

Hamming distance =7
Figure 4. Examples of hamming distance calculation.

As shown in the above equation, the L1 distance is a value obtained by calculating an absolute
difference between two values. As shown in Figure 4, the hamming distance is represented by the
number of parts (red) with the same position, but with different values for two arrays of the same
length. Since the LBSP [19] has 16 encoded binary arrays, the hamming distance can efficiently

represent the difference between two LBSP [19] values. R;lfs} (x) returns the color distance threshold

R (x) and LBSP distance threshold REJS p(x). Equations (7) and (8) are formulas for calculating

color

R (x) and RELL(x):

color

RL, (x)=R% . Ri(x) @)

color color *
t
Rlpsp(x) =280 4 RO ey ®)

0
where Rioior

respectively. R(x) is a parameter that is updated in the feedback process. It is used to calculate the
distance threshold. It is modeled to have a large value on a dynamic background, and a value close

and R% pgp are initial values of the color distance threshold and LBSP distance threshold,
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to 1 on a normal background. It can prevent detection of false positives that can occur on dynamic
backgrounds, such as rivers and leaves.

3.3. FP Re-Check

FP re-check is a module that detects and removes false positives from dynamic backgrounds
in binary image S'(x). In this paper, we defined a parameter representing the dynamic region.
Equations (9)—(11) are formulas for calculating the dynamic region:

1 t .
DR!(x) = {L if BR'(x) > blinkthreshold o
0, otherwise
BR!(x) = TB'(x) /¢ .
TB'(x) = TB'!(x) + 1,if S'(x) xor S 1(x) =1 o

In ViBe+ [22], the foreground and background tend to be periodically repeated in the dynamic
background. This case is called “blinking”. It can be expressed as the condition of Equation (11). In the
above equation, DR!(x) is a parameter indicating the part with a dynamic background in the input
image, BR!(x) is the blinking rate per frame, and TB’(x) is the total number of blinking pixels. When
a value of BR'(x) is higher than the blink threshold the pixel is regarded as a dynamic background
region. Figure 5 shows the dynamic background region calculated from Equations (9)—(11).

(c) ()

Figure 5. The dynamic background for the blink threshold value. (a) Color image, (b) DR!(x)
(blinkthreshold: 0.01), (¢) DR*(x) (blinkthreshold: 0.025), and (d) DR’ (x) (blinkthreshold: 0.05).

The input image shown in Figure 5 is a video image in which a tree shakes in the wind and people
and vehicles pass by. When the blink threshold value is 0.01, the dynamic background is relatively well
extracted. However, blinking occurs more frequently when the object passes. When the blinkthreshold
is 0.05, the dynamic background is not extracted sufficiently. Experimental results showed that the
blinkthreshold was 0.025.

We also defined dynamic background samples for collecting false positives. The dynamic background
sample has the same resolution as the input image, like the background samples. The number of samples is
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fixed at 30. The dynamic background sample collects the color information of false detection components
occurring in the dynamic background. Figure 6 represents conditions for collecting false positives.

Stx)xor Sl (x) =1

Dist{ys:(x) > 0.45 and §f,.,(x) < 0.4

Figure 6. Conditions for collecting false positives.

The blue region in Figure 6 is a feature of the false positive component used in ViBe+ [22]. This
indicates a case when the previous result and the current result are different. If this happens frequently,
it is likely to be a dynamic background [22]. This is called “blinking”. However, this feature tends to
occur frequently even when an object passes, or when noise is severe. In this paper, we used additional
conditions included in the red region to better represent the false positive component. Equations (12)
and (13) show the parameters used in Figure 6:

L1Dist(I*(x), I' "1 (x)) N hdist(LBSP*(x), LBSP'~1(x))

.t .
Distje(x) = ( 255 x 3 16x3

)/2 (12)

S}eed(x) =(1-a)- S}zgld(x) + % S 1(x) (13)

where Dist],(x) is a value obtained by normalizing the color/LBSP distance between the current
frame and the previous frame to a range between [0, 1]. S} +eq(X) is @ parameter that expresses the

trajectory of the object. It is composed of feedback of the previous result S'~!(x). Dist],,(x) > 0.45 can
prevent blinking due to image noise, and Sjﬁ ved(X) < 0.4 can prevent blinking caused by the passing
of an object through the image. When the condition of Figure 6 is satisfied, the pixel is regarded as
a false positive component and the color component is stored in the dynamic background samples.
This process selects and updates the sample randomly, as in the background sample update. When
an object is detected on a dynamic background region, the color distance between the collected false
positive and the pixel is calculated. If the value is smaller than the dynamic color threshold, it is
regarded as a background. This is because the false positives that occur in the dynamic background
tend to have distinct brightness differences from the background, such that it is possible to distinguish
false positives from color components alone. Through this process, it is possible to efficiently remove
the false positives that may occur in a dynamic background.

Figure 7 shows the comparison before and after using FP re-check. This video sequence provides
a situation in which an object passing under a tree shaking in the wind to be detected. Figure 7a,b are
the input image and ground truth, respectively. Figure 7c shows the detection of a lot of FPs in the
shaking tree, and Figure 7d shows the removal of most of the FPs detected in the shaking tree.
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(c) (d)

Figure 7. A comparison of before and after using FP re-check. (a) Input image, (b) ground truth,

(c) output before using the FP re-check, (d) output after using the FP re-check. (Background: black,
Foreground: green, False positive: blue, False negative: red.).

3.4. Feedback Process

The feedback process is a module that calculates the Rf(x) and T*(x) parameters used in the
background samples and BG/FG classification module. Equations (14) and (15) are formulas used to
calculate the parameters:

Diin (%) = Dl () - (1 = ) + ' (x) -« (14)
ol(x) = {U” Fullx), if S (x)xors(x) = 1

. (15)
0! (x) — Vgoey,  Otherwise

1.0, if DR (x) =0
w'(x) = { 1.5, if Distjy(x) > 045, S, 4(x) < 0.4 (16)

0.8, otherwise

where « is the learning rate and d’(x) is the minimum value of all color/LBSP distances normalized
between the input image and the background sample. A smaller value of d’(x) is often a background,
while a larger value is a background or an object. D! . (x) is fed back to d'(x) for every frame. This
feedback method increases the reliability of the value. We also used two learning rates to vary the
feedback rate. These two values are 0.04 (short term) and 0.01 (long term). Short term contains more
recent values, while long term contains many older values. This update method allows the algorithm
to be robust to the rate at which the environment changes.

o' (x) is a parameter that quantifies the degree of “blinking” mentioned in the FP re-check module.
In this paper, we defined another parameter, w!(x), to update this parameter. w!(x) has a large value
when motion is large within a dynamic background. In this case, we used the condition to distinguish
false positives used in Figure 6. If the motion is not large, w'(x) has a small value. This has the
following advantages. First, false positive detection can be prevented for large motion scenes within
a dynamic background. Second, a false negative that can occur when an object passes over a dynamic
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background can be removed. Figure 8 is a video scene that should detect an object passing through
a river without detecting river flow. Figure 8c shows that this parameter is not used. It does not detect
false positives for dynamic backgrounds, but detects false negatives. On the other hand, Figure 8d
shows robustness for false positives and false negatives.

el

() (d)

Figure 8. A comparison of before and after using the w(x) parameter. (a) Input image, (b) ground
truth, (c) output before using the FP re-check, (d) output after using the FP re-check. (Background:
black, Foreground: green, False positive: blue, False negative: red.).

The decreasing constant vy, uses a value of 0.1. Equations (17) and (18) are used for calculating
the Rf(x) and T!(x) parameters:

R140t(x),  if REY(x) < (14D, (x)-2)°

Rt’l(x)—ﬁ, otherwise {17)

Ri(x) =

t—1 1 1 t —
Tt(x) _ T + Ut(x)'th(nir)t(x)l lf S (.X) - 1
-1 vt (x .
T (x) — B ()’ otherwise

m

(18)

The updating method of Rf(x) and T*(x) is the same as that of SuBSENSE [21]. R(x) is a parameter
that is updated by v'(x). It has a high value for noisy or dynamic backgrounds. The condition of
R (x) < (1+D!, (x)- 2)2 is to have an exponential relationship when increasing the value of Rf(x).
This exponential relationship can reduce false positives by returning higher values of R (x) for severely
shaken trees.

T!(x) is a parameter used to update background samples. This parameter is used to determine
whether to update background samples with a 1/T*(x) probability in every frame. In other words,
the smaller the value, the more frequently updates will occur. It has a large value in an area where
an object is detected, and a small value in an area where the background is detected. It also has a small
value within dynamic backgrounds. This is because the background is dynamic, thus, requiring more
color/LBSP components than a normal background. Figure 9 shows the parameter visualization used

in the proposed algorithm.
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(a) (b)

(e) ()
Figure 9. Parameter visualization used in the proposed algorithm. (a) I*(x), (b) ground truth, (c) S}inal’
(d) DR (x), (e) D, (x), (£) o' (x), () R'(x), and (h) T!(x).

min

(® (h)

3.5. Post-Processing

The post process module performs post-processing operations based on results obtained from the
FP re-check module. To improve the quality of results, we proceeded with morphological operations
and binary median filtering operations for the resulting images. This process not only removes noise
components in the resulting image but also allows the foreground silhouette to be better represented.
However, median filtering requires considerable computation because it requires sorting for every
pixel. The sorting algorithms have a common feature that shows the throughput exponentially increases
as the amount of data to be sorted increases. In this paper, we proposed a speed optimization method
of a median filter for a binary image using an integral image. The feature is a binary image that is
consistent with 0 and 1 values. Using this feature, instead of using a sorting algorithm, the median
value can be calculated by using the sum of the values in the mask region using the integral image.
The integral image is a data structure for quickly and efficiently calculating the sum of values in
arectangular region. Figure 10 shows the example of calculating the sum of the values of the rectangular
region using an integral image for the binary image.

1 0 1 1 1 1 1 1] 1 1 2113|4567
0| 0f]f1 1 1 1 110 1 1 3 /5179|1111
of(ojfjojojo|o |1 1 1 1 3|/5|7]9](|12]13
oloffofofo|1[1]1 1113 |5|7/[10|14]16
00 1 1 1 1 1 1 1 1 4 |7 110(14]19 |22
0| o)l 1 1 1 1 1 1 1 1 51913 24 |28
o(0j0]|1 1 o(o0]| 0O 1 1 5110|15]20| 26|30
0|0 0 1 1 0|0 1 1 1 511117222833
1+14+14+1+1+14+1+41+1=18-1-941=9

Figure 10. An example of calculating the sum of the values of the rectangular region.

The sum of the values in the rectangular region can be processed quickly regardless of the size
of the rectangle. Instead of a sorting algorithm that requires a considerable amount of computation,
it computes efficiently by calculating the sum of mask region values. If the value is less than half of the
mask size, it is calculated as a value of 0. Conversely, when the value is larger than half of the mask
size, it is calculated as 1. Therefore, it is possible to perform fast median filtering regardless of the
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mask size. Table 1 shows the conventional method and the proposed method, with a comparison of
the processing speed according to the mask size at the VGA resolution.

Table 1. Comparison of the processing speed according to the mask size at the VGA.

Mask Size  Conventional Method Proposed Method

7 X7 10 msec 1 msec
9x9 11 msec 1 msec
11 x 11 13 msec 1 msec
13 x 13 15 msec 1 msec

4. Experimental Results

In this paper, we evaluated and compared the proposed algorithm with changedetection.net.
The site of changedetection.net provides a CDnet dataset for evaluating and comparing motion
detection algorithms. The CDnet dataset consists of two datasets: the CDnet 2012 dataset [2] and
CDnet 2014 dataset [1]. It includes various environments, ranging from sequences suitable for motion
detection algorithms to sequences taken under harsh environments. In this paper, we evaluated the
proposed algorithm for the CDnet 2012 /2014 dataset [1,2], and compared it with other background
subtraction algorithms. The proposed algorithm consists of C ++ language and the OpenCV library.
The experimental environment consists of a 7th-generation Intel® Core™ i7 at 3.60 GHz, and a Nvidia
GeForce GTX 1080 Graphics Card, using C++, CUDA, OpenCV, and OpenMP.

SuBSENSE [21] is one of these comparison algorithms. It is an algorithm that proposes a background
modeling method using color /LBSP information based on ViBe+ [22] and PBAS [23]. PAWCS [25] proposes
persistence of background samples based on the SuBSENSE [21] algorithm. It has an improved performance
compared to SuBSENSE [21]. Multimode Background Subtraction (MBS) [17] is an algorithm that classifies
backgrounds based on pixel sets using RGB and YCbCr channels. It classifies them using clustering.
The proposed algorithm showed a lower performance than PAWCS [25], but better performance than the
other algorithms.

The CDnet 2014 dataset [1] has 11 categories, including bad weather, low frame rate, night video,
camera zoom in/out and rotating PTZ, turbulence video, and six categories from the CDnet 2012
dataset [2]. Each of these categories also has four to six sequences. Tables 2 and 3 shows a comparison
of other background subtraction algorithms and the proposed algorithm for the CDnet 2012/2014
dataset [1,2]. The F-Measure is computed for both the precision P and recall Rby F =2-P-R/(P + R),
representing the tradeoff between the two values.

WeSamBE [26] uses a method similar to PAWCS [25]. It sets weights on collected background
samples and updates the background according to these weights. SharedModel [11] is a Gaussian
Mixture Modeling (GMM) algorithm that takes the relationship between pixels and background
samples into account. SWCD [27] is a sliding window approach combined with dynamic control
of update parameters for updating background frames, which we called sliding window-based
change detection.

Table 2. Comparison of different background subtraction algorithms and the proposed algorithm on

the CDnet 2012.

Method Precision FPR FNR FPS (QVGA)

Proposed method 0.8650 0.0058 0.1584 45 fps

PAWCS [25] 0.8746 0.0051 0.1453 9 fps

SuBSENSE [21] 0.8576 0.0062 0.1719 22 fps

MBS [17] 0.8480 0.0069 0.1897 8 fps

Spectral-360[31] 0.8461 0.0080 0.2230 12 fps

STBM [32] 0.8210 0.0089 0.1650 12 fps

SGMM-50D [33] 0.8339 0.0062 0.2303 34 fps
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Table 3. Comparison of different background subtraction algorithms and the proposed algorithm on

the CDnet 2014.
Method Precision = FPR FNR  F-Measure Average Ranking across Categories FPS (QVGA)

Proposed method 0.7668 0.0090  0.1802 0.7535 14.36 45 fps
SWCD [27] 0.7527  0.0070 0.2161 0.7583 18.36 10 fps
PAWCS [25] 0.7857 0.0051 0.2282 0.7403 14.64 9 fps
SuBSENSE [21] 0.7509 0.0096  0.1876 0.7408 16.73 22 fps
MBS [17] 0.7382 0.0073  0.2611 0.7288 21.09 8 fps
WeSamBE [26] 0.7679 0.0076  0.2045 0.7446 16.27 2 fps
SharedModel [11] 0.7503 0.0088  0.1902 0.7474 17.27 35 fps

The proposed algorithm showed lower performance than PAWCS [25] in terms of precision and
FPR. However, the proposed method showed better performance than these algorithms in terms of
FNR and F-measure. Compared to SuBSENSE [21], it showed better performance. Also, the proposed
algorithm showed the highest rank in terms of the average ranking across categories. The average
ranking across categories means the average of the sum of ranks for all categories of CDnet 2014
dataset [1].

Table 4 shows the F-measure and processing speed comparisons for the 11 categories of the CDnet
2014 dataset [1]. The 11 categories are Baseline, Dynamic Background, Bad Weather, Shadow, Night
Videos, Low Framerate, PTZ, Turbulence, Camera Jitter, Intermittent Object Motion, and Thermal.
Baseline category represents a mixture of mild challenges typical of the next four categories. Some
videos have subtle background motion, others have isolated shadows; some have an abandoned
object, and others have pedestrians that stop for a short while and then move away. These videos are
fairly easy to process, and are provided mainly as a reference. The Dynamic Background category
includes scenes with strong (parasitic) background motion: boats on shimmering water, cars passing
next to a fountain, or pedestrians, cars, and trucks passing in front of a tree shaken by the wind.
The Bad Weather category includes outdoor videos captured in challenging winter weather conditions.
Shadows category consists of indoor and outdoor videos exhibiting strong as well as faint shadows.
The Night Videos category includes videos captured at night. The Low Frame Rate category contains
videos captured at varying frame rates between 0.17 fps and 1 fps. The PTZ category contains video
footage captured by pan-tilt—zoom cameras in slow continuous pan mode, intermittent pan mode,
two-position patrol-mode PTZ, or zooming-in/zooming-out. The Turbulence category includes
outdoor videos showing air turbulence caused by rising heat. The Camera Jitter category contains
indoor and outdoor videos captured by unstable (e.g., vibrating) cameras. The jitter magnitude varies
from one video to another. The Intermittent Object Motion category includes videos with scenarios
known for causing “ghosting” artifacts in the detected motion, i.e., objects move, then stop for a short
while, after which they start moving again. Some videos include still objects that suddenly start
moving, e.g., a parked vehicle driving away, and also abandoned objects. This category is intended for
testing how various algorithms adapt to background changes. The Thermal category includes videos
that have been captured by far-infrared cameras. These videos contain typical thermal artifacts such
as heat stamps (e.g., bright spots left on a seat after a person gets up and leaves), heat reflection on
floors and windows, and camouflage effects, when a moving object has the same temperature as the
surrounding regions.

STSHBM [12], PAWCS [25], and SWCD [27] have robust performance but slow processing speed.
In this case, a frame drop occurs in the actual video stream. Since the algorithms use the information
from the previous frame, the performance can be degraded. The proposed algorithm shows overall
robust results for the 11 categories. The proposed algorithm has a fast processing speed of 45 fps at
QVGA resolution. Also, the proposed algorithm runs at 150 fps at the same resolution on a Nvidia
GeForce GTX 1080 GPU.
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Table 4. Comparison of F-measure and processing speed with the proposed method.

F-Measure
Method Baseline _ Dynamic Bad o dow Nuisht Fl;:;:e PTZ Turbulence C2Mera Intermittent . ., FPS(QVGA)
Background Weather Videos Rate Jitter Object
Proposed method ~ 0.9487 0.8376 0.8616 0.8984 0.5701  0.6445 0.3367 0.8304 0.8228 0.7264 0.8152 45 fps
SRPCA [24] - 0.8866 - - - - - - - - - 4fps
STSHBM [12] 0.9534 0.9120 - 0.8930 - - - - - - - 0.98 fps
PAWCS [25] 0.9397 0.8938 0.8152 0.8710 0.4152  0.6588 0.4615 0.6450 0.8137 0.7764 0.8324 9 fps
SuBSENSE [21] 0.9503 0.8177 0.8619 0.8646 0.5599  0.6445 0.3476 0.7792 0.8152 0.6569 0.8171 22 fps
TVRPCA [13] - 0.5516 - - - - - - - - - 0.27 fps
SWCD [27] 0.9214 0.8645 0.8233 0.8779 0.5807  0.7374  0.4545 0.7735 0.7411 0.7092 0.8581 10 fps
SharedModel [11]  0.9522 0.8222 0.8480 0.8898 0.5419  0.7286  0.3860 0.7339 0.8141 0.6727 0.8319 35 fps

5. Conclusions

In this paper, we defined a dynamic background region, searched for dynamic backgrounds,
and newly defined dynamic background samples to collect false positive components that might
occur in the dynamic background region, then re-checked false positives. In this way, it is possible
to remove false detection components that often occur in a dynamic background. However, since
the dynamic background region of this paper is a parameter based on the assumption that “when
blinking occurs, the region is likely to be a dynamic background region”, there is a limitation when
searching for a perfect dynamic background region. To improve this, it is necessary to find the unique
tendency of the dynamic background, and model it mathematically. We also performed the speed
optimization for median filtering for the binary image using an integral image. The proposed method
can efficiently perform median filtering regardless of mask size. It is feasible to use the proposed
algorithms for real-time CCTV video monitoring with superior motion detection performance and fast
processing speed.
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