Pixel Histogram based Background Modeling for
Moving Target Detection

Jiang Hua
School of Machinery and Automation
Wuhan University of Science and
Technology
Wuhan, China
huajiang@wust.edu.cn

Hongwei Wang
Zhejiang University
Zhejiang, China
hongweiwang@intl.zju.edu.cn

Liangcai Zeng
School of Machinery and Automation
Wuhan University of Science and
Technology
Wuhan, China
zengliangcai@wust.edu.cn

Gongfa Li
School of Machinery and Automation
Wuhan University of Science and
Technology
Wuhan, China
ligongfa@wust.edu.cn

Zhaojie Ju
Intelligent Systems & Biomedical
Robotics Group
University of Portsmouth

Portsmouth, United Kingdom
zhaojie.ju@port.ac.uk

Abstract— Existing moving target detection methods
mainly include inter-frame differences, background
differences, optical flow and so on. For the recognition of
human motions in the process of human-computer
collaboration, existing algorithms are usually difficult to meet
the requirements of real-time processing and easily interfered
by lighting or image noises. In this paper, a method for
establishing a static background model based on pixel
histogram is proposed. The effect of moving targets and noises
on the background model is excluded due to the selectivity of
the new algorithm to the gray values, so it can detect the real
background more reliably. Compared with other moving
target detection methods, this method has the characteristics
of fast speed, strong anti-interference ability, and the ability
to identify human body movement quickly and accurately.
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1. INTRODUCTION

Moving target detection is the process of subtracting the
redundant information in time and space of the image
through the method of computer vision, and effectively
identifying moving targets. It is the basis for applications
such as target classification, motion recognition, and
behavior understanding, and a key skill in video sequence
image processing. At present, the methods of moving target
detection mainly include inter-frame difference,
background difference, optical flow and so on [1]. Due to
the complexity of the optical flow method, it is generally
difficult to meet the requirements of real-time processing
and susceptible to interference from lighting and image
noise. The inter-frame difference method directly compares
the difference in gray values of corresponding pixels in two
or three consecutive frames of the video sequence, and then
sets the threshold to extract the motion area of the image [2].
However, the time interval between adjacent frames is so
short that the overlapping part of the target is not easy to
detect. Therefore it is generally used for simple real-time
motion detection to avoid creating a large amount of holes.

The key of the background difference method is the
establishment of the background model. Many studies have
been done on this. Gloyer et al. adopts the median value of
the pixels of consecutive frames as the background gray

value to establish a background model, but this method
requires a large amount of calculation and deviations often
occur with changing lighting [3]. In response to this
limitation, Wren et al. assume that pixel values meet a
certain distribution model, such as Gaussian distribution.
Then you can get a better background update method by
judging whether the pixel belongs to the foreground based
on the threshold, and constantly update its distribution
parameters through training [4]. However, the single
Gaussian model cannot accurately describe the complex
background model, so Stauffer et al. regard each pixel gray
value as a weighted mixture of multiple Gaussian models to
propose a hybrid Gaussian model background modeling
method. This method cannot only adapt well to complex
scenes, but also automatically calculate model parameters
through adjusting the background model. But the actual
complex backgrounds do not always conform to the
Gaussian distribution, so the method based on Gaussian
model will cause many problems [5]. Elgammal et al.
proposed a parameter-free detection method based on kernel
density estimation, which does not need to make
assumptions about the density distribution of the
background, but uses several image sample information to
estimate pixels based on a standard kernel function [6].
However, there is no common known parameter model in
different environments and the kernel density function is
estimated from the data, so the consumption is too large and
the real-time performance is not good [7].

At the same time as the development of moving target
detection methods based on statistical theory, scholars have
also proposed a variety of moving target detection methods
with different theoretical foundations, such as cluster
theory-based methods, fuzzy theory-based methods,
background prediction methods and neural network
methods [8-10]. These studies extend the application fields
of the skill.

Generally, complex algorithms will naturally have better
results, but the calculation time is too long to meet the real-
time requirement [11]. Therefore, the commonly used target
detection method in human-computer interaction is the
mean method [12]. Using the average value of the current
image sequence as a reference model, a background image
similar to the current static scene is generated. However, if



the moving target differs greatly from the background, more
frames of images are required to establish a reliable
background model, and this method is more sensitive to
noise [13].In this paper, a method for establishing a static
background model based on pixel histogram is proposed, to
solve the problem of rapid recognition in the process of
human-computer collaboration [14] . The basic idea is to
count the gray distribution of each color component of the
pixel and establish the corresponding histogram through
normalization [15]. Based on the experimental results, , the
proposed method has a fast speed and strong anti-
interference ability, and can identify human movements
quickly and accurately.

The remainder of this paper is organized as follows.
Section 2 describes the method for establishing background
model based on pixel histogram and related technical points.
Section 3 indicates the experimental results about the
advantages of the proposed algorithm compared to the
current mainstream method. Section 4 draws the conclusion
and gives the discussion of future work.

II. METHODS

The algorithm proposed in this paper converts the gray
values of the three color components of the pixels in the
image to the level of 0 ~(M-1) by (1), then the selected
maximum gray value converted back to the level of 0~255
by (2) is the corresponding background model at the pixel
position. Although the perception-based color model (CIE,
HVC, HSV) is more suitable for image expression and
analysis, this paper chooses the RGB color model because
the video used in this article is in AVI format that its internal
color data is based on RBG space.

gc(i,j)[%mﬁ c=rgb (1)
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In this paper, the selection of M is directly related to the
efficiency of the algorithm and the quality of the
background model. Therefore, how to choose the
appropriate M is very important. In an image, the color of
the background and the target is usually different, so the
gray scale is different in the three color components. The
gray distribution of an image on a pixel is usually composed
of background gray, target gray, and random noise gray. The
distribution of blue, green, and red color components of a
pixel on an image is shown in Fig. 1.
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Fig. 1. Gray scale histogram of each color component of a pixel on an
image

It can be seen from the figure that the histogram of all
three color components are obviously divided into two
clusters of concentrated histograms and a small number of
isolated short histograms, which correspond to the
background color gray, target color gray and noise color
gray respectively. So the corresponding background gray
scale of the color can be selected as the gray scale value of
the color component on the pixel.

However, the calculation consumption is very large if
each pixel on the image stores three 255-level gray scale
histograms. As can be seen from Fig. 1, the gray distribution
of the target and background are not concentrated on a
certain gray value, but distributed within a certain gray
range, due to the influence of environmental factors such as
lighting and the camera's own factors. The peak in the
histogram represents that the related gray value has the
highest probability compared with other gray values. Those
histograms around the peak indicate that the probability of
related gray value is low. If the gray value corresponding to
the peak is selected as the value of the corresponding
component of the pixel in the background model at this time,
the contribution of the other slightly lower gray value
corresponding to the background model will be ignored.

To solve this problem, it can be solved by appropriately
reducing the number M of gray levels. Therefore, the gray
level from 0 to 255 is converted to 0 to M-1 (M = 26), and
the gray level histogram is established again, as shown in
Fig. 2.
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Fig. 2. Gray scale histogram of each color component of a pixel on an
image (M=26)

Observed from Fig. 2, the background and target parts
are still distinct in the histogram. Compared with the
original histogram, the histograms in a certain range are
merged and the peak value is greatly improved. Compared
with the surrounding histograms, the gap is more obvious.
The peak value is retransformed into the 0-255 area, and can
be used as the gray value of the corresponding component
of the pixel in the background model. After such processing,
the amount of data calculation is the previous M / 255. At
the same time, due to the histograms within a certain range
near the peak are merged, more data around the peak can
also contribute to the background model.

It can be seen from the above analysis that the smaller
the value of M, the less the amount of calculation, and it will
inevitably reduce the color resolution of the background
model. However, in practical applications, color images are
often converted into grayscale images, so excessive color
resolution is unnecessary. In order to make the background
model capable of representing a gray scale background of 0
to 255 levels, the minimum gray scale that can be expressed
on the color component should be 3. According to (3), the
value of M can be inferred:
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That is, when M is greater than 64, the generated
background model has the ability to express colors of 256
gray levels. Because in practical applications, the purpose
of creating a background model is often to separate the
background from the target, but not care much about how
many colors it can show. Therefore, the selection of the M
value can continue to decrease while ensuring a certain
background performance, and the specific value should be
sufficient to separate the background and the target in the
histogram.

III. EXPERIMENTAL RESULTS

The experiment uses a video image with a length of 801
frames as the material to establish a background model
based on the method proposed in this paper and divides the

target and the background, compared with the current
mainstream method of background modeling.

Frame 1 Frame 25 Frame 50
Fig. 3. Original video image

In the experiment, a target person dressed in dark black
clothes walked back and forth in a static scene. We choose
the first 50 frames as the training images of the background
model, and take M = 26. The background model obtained
by the algorithm in this paper and the mean value method is
shown in Fig. 4.
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Fig. 4. Comparison of the background models obtained by the two
algorithms

As can be seen from Figure 4, in the model obtained by
the mean value method, the walking area of the person is
slightly dark, and even traces of the person's movement are
clearly visible. This is because the region is darker in the
video, so the gray scale value of the RGB color component
processed by the mean value method will appear smaller.
The background model established by the algorithm in this
paper will exclude the influence of the moving target and
noise on the background model. It can reflect the real
background better.

The following uses the difference image method to
segment the target and the background based on the
established background model. First the background image
and the kth frame image are converted into gray scale
images, the conversion formula is as (4):

1:§(R+G+B) 4)

The converted gray image of the kth frame and the
background gray image are obtained. According to (5), the
difference image can be inferred:

0.| /G ) =BG, )| <T
255.| £, (G, /)~ BG.j)| =T

T is the detection threshold, which can be set according
to the specific situation to try to segment out the complete
moving target. In this experiment, T = 15, and the obtained
differential image is shown in Fig. 5 (a) and (b). However,
these differential images often contain a lot of noises. To
remove these noises, you can use the open operation to
process the differential images to reduce these interferences.
The processing results are shown in Fig. 5 (¢) and (d).

D (i,j)={ )
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Fig. 5. Comparison of the detection results of moving targets by two
algorithms (frame 60)

It can be seen from Fig. 5 that when T = 15, both
algorithms can completely segment the moving target. The
difference image obtained by the new algorithm in this
paper is more ideal. Although there is also a lot of noise, the
noise is almost completely eliminated after being processed
to separate the target and background, as shown in Fig. 5 (d).

The background image obtained by the mean value
method contains obvious moving traces, which are
mistakenly identified as moving targets. And it is difficult
to eliminate these false targets even if it is morphologically
processed, as shown in Fig. 5 (¢). To solve this problem, the
number of images trained in the background model can
increase, but this requires more training time and memory
space. Another method is to increase the threshold T, but it
may identify a part of the moving target as background
image, causing the target to appear "holes" that will destroy
the integrity of the target.

From the experimental results, we can see that the
algorithm proposed in this paper has obvious advantages
over the traditional mean value method in terms of memory
consumption, processing time, anti-interference ability, etc.
And it also lays a good foundation for the subsequent
segmentation of the background and target, so as to define
more accurate positioning of moving targets.

IV. CONCLUSION

Moving target detection has always been a hotspot in
image processing. The establishment of background models
is the basis and key to moving target detection. The
traditional mean background method has a long training
time and requires many training images. This article focuses
on the average background method. Insufficient terms, a
method for building a background model based on pixel
histogram is proposed. Experiments show that compared
with the average background method, this method requires
fewer training image frames, faster model building, strong
anti-interference ability, and has certain practical
application value. In the future, other more complex
algorithms will be combined to help reduce the amount of
computation more effectively and improve the robustness of

the system. The proposed method will be further explored
and applied into the applications, such human motion
analysis, human robot collaboration, etc [16].
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