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Real鄄time Target Detection for Moving Cows Based on
Gaussian Mixture Model
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Abstract: Target detection is the basic work for analyzing the behavior of the cows using video analysis technology. It is
difficult to extract the moving cows accurately and real鄄timely with the existing target detection methods because of the
complex background environment. In this study, a series of improvement measures were proposed based on Gaussian
mixture model to meet the system requirements. A dynamic background modeling method with penalty factor was proposed
for the mathematical model of the background which can overcome the high model complexity. A two鄄class classification
algorithm based on chromaticity distortion and brightness distortion was proposed to avoid the influence of the shaded area in
the foreground detection algorithm. Local update method was proposed to avoid missing the target if it stays for a long time.
In order to verify the validity of the algorithm, four evaluation parameters were introduced to test the detection algorithm
including model complexity, false detection rate of foreground, false detection rate of background and processing time.
Experimental results show that model complexity was 50郾 85% lower than the classical method. False detection rate of
foreground and false detection rate of background were 18郾 18% and 7郾 52% , which had 19郾 50 and 13郾 37 percent lower
than the classical Gaussian mixture model. Processing time of average single frame was 29郾 25% lower. Statistics indicate
that the algorithm proposed in this study can improve the detection performance and it is an extension to classical Gaussian
mixture model.
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0摇 Introduction

Intelligent video鄄surveillance is an important topic
in computer vision, which has been widely used in
precision livestock farming, such as lameness
detection[1 - 4], breath detection[5 - 6], body condition
score[7 - 9], disease surveillance[10] and behavioral
analysis[11 - 13] etc. Perceiving animal information and
behaviors with intelligent video鄄surveillance system are
fundamental to precision livestock farming. Accurate
and real鄄time animal targets detecting in complex
environment is the basic premise for information
perceiving.

In recent years, international and domestic
academics had got a number of research results, but
problems still exist. The complex background
environment makes the experiments done under the
harsh terms and usually leads to unsatisfactory results.
Infrared thermography technology had been used to

avoid environmental impact, but which imposed
costs[14] . LI, et al[15], established the experiment
system with artificial light source in indoor to acquire
stable background. In such conditions, the basic
theory and application methods can accurately
distinguish between target and background. ZHAO, et
al[16], constructed background model by local
background stitching method under complex
environment, which got a good result but difficult to
fulfill continuous inspection. Large animals in livestock
production, such as cows, pigs etc. , usually been
raised out of doors, which has the characteristics of
environmental gradient and mutation, such as the
mutation of lighting equipment state, the gradient of
the sun爷s brightness and angle, the effect of the wind
and birds invasion. All of these cause a lot of obstacles
to distinguish objects and background, which may
make a bad effect to animal behaviors perceiving.
Therefore, it is important and necessary to develop a



new method which is robust to the farming environment
for accurate and real鄄time detecting target.

Gaussian mixture model ( GMM ) [17 - 20] can
establish dynamic background model to fulfill
continuous inspection, but problems still exist in the
condition of complex background, such as high
complexity of model and computation, not adaptive to
establish optimal number of components and the
foreground melting problem. The improved methods
had been proposed to solve such problems. For
instance, ZHANG et al[21], regarded the points with
high relativity in a neighborhood as a “ block冶, then
modeled the mean of “ block冶 instead of “ pixels冶 to
reduce the algorithm complexity. But that method
caused blurred edges and jagged edges at the expense
of losing useful information for time efficiency. The
contradiction of GMM between veracity and timeliness
is an open problem, and the key is how to distinguish
and eliminate redundant information. LIN, et al[22],
proposed a screening approach that removed the models
whose weighting are less than the initial value in the
processing of iteration. But the selection of initial value
was still decided by experiment, which is easy to cause
the foreground melting problem with larger initial value
and the dynamic is not obvious with smaller initial
value. In this paper, we studied moving cows under
the complex background environment and proposed a
method to identify the redundant models to speed up
the GMM iteration without losing any useful
information. The proposed methods aim at solving the
difficulties in target detection under open environment,
the effects of shadows and the foreground melting
problem.

1摇 Background modeling method

1郾 1 摇 Problems of GMM in complex background
modeling

Classical GMM construct color distribution model
based on the probability distributions of pixels in time
domain, which have been widely used in intelligent
security and other fields. GMM establishes M
components ( general 3 - 5) of components for each
pixel. The recent samples collection of one pixel at t
time is xt = ( x( t), x( t - 1),…, x( t - T) ). The Gaussian
distribution model for xt is given by:

P( 仔̂m,滋̂m,滓̂2
m | xt,B + F) = 移

M

m = 1
仔̂mN(x( t);滋̂m,滓̂2

m)

(0 < 仔̂m < 1,移
M

m = 1
仔̂m = 1) (1)

Where, xt is the recent collected sample at t time; B
and F represent the background pixels and the
foreground pixels; M is the number of Gaussian model;
N(x( t);滋̂m,滓̂2

m) is the m鄄th Gaussian function; 仔̂m is
the weight of the m鄄th Gaussian function; 滋̂m is the
mean of the m鄄th Gaussian function; 滓̂2

m is the variance
of the m鄄th Gaussian function.

Because the new sample could be either pixel in
background or pixel in foreground, both B and F are
included in the Eq. (1). When sampling result xt is
given, the expectation maximization ( EM )
algorithm[23] is commonly used to search for the
recursion equation, which is given by:

仔̂m饮仔̂m + 琢(o( t)
m - 仔̂m) (2)

滋̂m饮滋̂m + o( t)
m (琢 / 仔̂m)(x( t) - 滋̂m) (3)

滓̂2
m饮滓̂2

m + o( t)
m (琢 / 仔̂m)[(x( t) - 滋̂m) 2 - 滓̂2

m] (4)
Where, 琢 is the learning rate to determine the renewal
speed of parameters; o( t)

m is the ownership parameters
to determine whether the sample belongs to the m鄄th
Gaussian model according to the “ 3滓鄄principle冶 or
not.

If new samples belong to the foreground, a new
component will be established with a small weight 仔̂m .
Then the weights are updated with Eq. ( 2 ),
normalized and sorted descending to insure the weights
sum up to 100% . Finally, the background model is
established by the top 90% of the sum of weights,
given by:

P(x( t) | xt,B) = 移
B

m = 1
仔̂mN(x( t);滋̂m,滓̂2

m) (5)

in which, B = arg min (
b

移
b

m = 1
仔̂m > 90 )% .

Obviously, classical GMM figures out the weight,
the mean and the variance for every pixel with square,
root and exponent arithmetic, which has high algorithm
complexity especially for RGB images with three
channels. In addition, it is lack of theory foundation of
selecting the number of components and intercepting
“90% 冶 as the background model from the total
components.

Dairy farms are usually in the open environment,
which are easy to be affected by environmental factors.
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Besides, in the camera view, the actual required the
number of components in different areas vary. If there
are too small components to describe the background,
it is easy to take the target as background falsely which
is called “under鄄fitting冶. On the contrary, if there are
too many components to describe the background, it is
difficult to avoid the influence from shaky leaves and
shaking camera, which is called “over鄄fitting冶.

In this paper, a stable background is obtained
from a fixed camera. To overcome flaws of classical
GMM under complex background, a self鄄restriction
method was proposed based on minimum message
length criterion, which can select the number of
components adaptively and remove the redundant
components.
1郾 2 摇 The self鄄restriction method based on

“minimum number of samples冶
Assuming that the number of components is fixed,

the weights 仔̂m can be read as the probability of
samples from the m鄄th component. The weights obey
multinomial distribution in statistic sense, and the
likelihood function is given by:

l1(仔,M | x) (= lg 仪
M

m = 1
仔̂nm )

(

m

0 < 仔̂m < 1,移
M

m = 1
仔̂m )= 1 (6)

Where, nm is the number of samples belong to the m鄄th
component.

Then the maximum likelihood estimate follows by
introducing the Lagrange multiplier 姿 to Eq. (6):

摇 摇 摇

摇摇摇

鄣
鄣仔̂

(
m

l1 + (姿 移
M

m = 1
仔̂m ) )- 1 = 0 (7)

After getting rid of 姿 we get:

仔̂m =
nm

移
M

m = 1
nm

(8)

It can be rewritten in recursion form that is the
Eq. (2). Obviously, in the condition of fixed number
of components, each component will be assigned
several samples saturatedly by the maximum likelihood
estimation, which usually results in error model and
can爷 t be adaptive to establish optimal number of
model. A solution is proposed in this paper based on
the truth as follows: the samples collection xt = [ xt,
xt - 1,…, xt - T ] consist of the background, the target
and the noise, moreover, the number of noise N are far

less than the others.
The constraint factor N for complexity is

introduced into the likelihood function, given by:

l2(仔,M | x) (= lg 仪
M

m = 1
仔̂nm - N )m (9)

Where, N represents the noise from each component
with a small value (e. g. 30). Eq. (9) can be
rewritten as:

l2(仔,M | x) (= lg 仪
M

m = 1
仔̂nm

m ) (+ lg 仪
M

m = 1
仔̂ - N )m

(10)
Where, the second item on the right side is called the
model complexity constraint, then the maximum
likelihood estimate follows by introducing the Lagrange
multiplier 姿 to Eq. (10):

摇 摇 摇

摇摇摇

鄣
鄣仔̂

(
m

l2 + (姿 移
M

m = 1
仔̂m ) )- 1 = 0 (11)

After getting rid of 姿 we get:
仔̂( t + 1)

m 饮仔̂( t) + 琢(o( t)
m - 仔̂( t)

m ) - 琢N / T (12)
Where, T is the sample size.

To reduce the model complexity, the model
complexity constraint gives each component N
“ negative鄄samples 冶, that is, the weights 仔̂m are
initialized to be negative. When there are enough
samples to “support冶 the m鄄th component (nm - N >
0), the weight of the m鄄th component is going to be
positive. Otherwise, while the “ negative鄄weight 冶 is
detected, the corresponding component is called “error
component冶 and been abandoned during the process of
iteration. The improved background updating equation
for GMM is given by:

仔̂m饮仔̂m + 琢(o( t)
m - 仔̂m) - 琢N / T

滋̂m饮滋̂m + o( t)
m (琢 / 仔̂m)(x( t) - 滋̂m)

滓̂2
m饮滓̂2

m + o( t)
m (琢 / 仔̂m)[(x( t) - 滋̂m) 2 - 滓̂2

m

ì

î

í

ï
ï

ïï ]
(13)

2摇 Target detection algorithm

The classical GMM is described as follows: the
new sample makes a match between the components
one by one with the “2郾 5滓鄄principle冶. If the new
sample is classified as background whenever matches
with any component, the background model is updated
by Eq. (13). Otherwise, the sample is classified as
foreground, then a new component with small weight
and large variance is going to be established to replace
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the original one whose weight is the smallest. The
mean of the new component is the pixel value[24 - 25] .

While the dairy farms are in the open
environment, the classical algorithm can爷 t distinguish
the shadow from the target. Because the classical
algorithm is a two鄄class classification algorithm
constitutionally, and the shadow area usually beyond
the range of “2郾 5滓冶 which is easy to be misclassified
as foreground. To solve this problem, two features are
selected to evaluate the brightness bias and
chromaticity bias from the shadow. And a two鄄class
classification algorithm is designed to distinguish
between the target and the shadow. The two features
are given by:

茁RGB = arg min
茁

(xRGB - 茁滋RGB) 2 =

xR滋R + xG滋G + xB滋B

滋2
R + 滋2

G + 滋2
B

(14)

DRGB = (xR - 茁滋R) 2 (xG - 茁滋G) 2 (xB - 茁滋B) 2

(15)
Where, 茁RGB is the mean shift between the sample and
the component; DRGB is the orthogonal distance between
the sample and the component; xR, xG and xB are the
pixel values of 3鄄channel images; 滋R, 滋G and 滋B are
the mean of components which are matched by the
current sample.

The more 茁RGB close to 1, the more the current
sample close to background, and the rules are given
by:

xi =
S (0郾 5 < 茁RGB < 1 and DRGB < 4滓茁RGB)
F (Else{ )

(16)
Where, S is the abbreviation of shadow; F is the
abbreviation of foreground.

茁RGB locating in the range of 0郾 5 and 1 means that
the current pixel value is smaller than the mean of
background model. The threshold value of DRGB values
4滓 is the relaxation of “ 3滓鄄principle 冶, which
conforms to the intuitive understanding that shadow is
close to the mean of background model but darker.

In the Eq. ( 13 ), 琢 is the learning rate that
determines the renewal speed of background. The large
default value leads to quick background updating that
is easy to misclassify the target from background. On
the contrary, the small default value can爷 t reach the
purpose of dynamic modeling. This contradiction is

inevitable relying on adjusting parameters. For
instance, if the cows remain still for a long time, the
algorithm continues training until the target disappear.
A solution is proposed in this paper based on the
relative invariance of cows爷 body in moving, which
regards the position of moving cows 爷 body as the
judgment basis and takes local updating strategy.
A minimum circumscribed rectangle and a maximum
inscribed rectangular are calculated to mark cows in
every frame. When the center distance of inscribed
rectangular between adjacent frames is less than a
threshold value ( 3 - 5 pixels ), the target stops
moving. Then, the areas outside of circumscribed
rectangle are updated, otherwise all areas are updated.
Besides, if the target remains still for more than
50 frames, all areas are updated to avoid failure
detection when the target remains still in the border of
the camera view.

3摇 Experiments and analysis

Video data were collected on a commercial dairy
farm in Yangling, Shaanxi Province in August 2013.
Side鄄view images were acquired while cows were
passing through a 2 m wide, 7 m long aisle with a
concrete floor to the water trough. To avoid any
intrusion into the farm爷 s routine and interference with
cow traffic, the camera (DS鄄2DM1鄄714 integrated IP
camera, Hikvision Inc. , Hangzhou, China ) was
positioned on the supported beam of a feeding shed at a
height of 1郾 8 m and 35 m away from the alley. The
CCD sensor was paralleled to the corridor, and the
focus length was set to 45 mm to assure that the width
of the field of view was twice of the length of one single
cow. Color video format was set to PAL with frame rate
of 25 frames per second and code rate of 2 048 kb / s at
a resolution of 704 pixel 伊 574 pixel.

To analyze the performance of the algorithm, four
dynamic scenes were used to compare the improved
algorithm with the original one. The dynamic scenes
include 49 226 frames at sunset, 744 frames in a sunny
day, 276 frames on a rainy day and 601 frames at night
with infrared extended sources. Three evaluation
indicators were used, including the target false positive
rate ( VTFPR ), the background false positive rate
(VBFPR) and the processing time (VPT). VTFPR is the
percentage of pixels belong to the target but
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misidentified as the background; VBFPR is the
percentage of pixels belong to the background but
misidentified as the target. And they were calculated as
follows:

VTFPR =
|A1 - A2 |

A1
伊 100% (17)

VBFPR =
|F - A2 |

F 伊 100% (18)

Where, A1 is the real target areas segmented manual
through Photoshop. A2 is the detected target areas
inside of the minimum circumscribed rectangle. F is
the total detected areas.

Fig. 1摇 Result of moving cows segmentation

3郾 1摇 The robustness of environment changes
Detection results of the classical GMM and

improved GMM under different conditions (sunny day,
rainy day and night) were shown in Fig. 1 from left to
right, including the original image, detection results by
classical GMM and detection results by improved GMM
from top to bottom. Obviously, the improved GMM
detected much more complete targets, especially at
night with single鄄channel of the priori information
under infrared light source. The experimental results
showed that the improved GMM could model the
background environment accurately.

To analyze the performance of the algorithm, the

changing trends of VTFPR and VBFPR in the process of
sunset were recorded. And 32 frames including the
cows 爷 whole body were manually selected. The
changing trends were showed in Figs. 2 and 3. The
average target false positive rate was reduced from
37郾 68% to 18郾 18% and the average background false
positive rate was reduced from 20郾 89% to 7郾 52% ,
indicating that the algorithm in this paper was better
than the classical GMM. The background false positive
rate expressed the accuracy of the model to describe
the background. As shown in Fig. 3, the background
false positive rate of classical GMM kept rising,
indicating the poor adaptation to environmental
gradient. But the general trend of improved GMM
leveled off.

As a result, algorithm in this paper showed a
better robustness to environmental gradient and more
accurate detection than the classical GMM.
3郾 2摇 Analysis of model complexity

Generally, classical GMM describes a pixel with
3 - 5 components. In this paper, five components were
introduced to give a full consideration to the complex
areas. Besides, in order to compare the effect of
constraints, the model complexity was visualized by
Grayscale image, whose pixels were divided into five
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Fig. 2摇 Segmentation error of foreground
摇

Fig. 3摇 Segmentation error of background
摇

grades to represent the number of components. As
shown in Fig. 4b, where there were darker, where the
complexity were higher. Fig. 4c showed the statistical
histogram of model complexity from where a cow
walked through the camera visual field from left to right
including 744 frames. It is evident from Fig. 4c that
74% of areas could be described by only 1 - 3
摇 摇 摇 摇

components and the complexity had the tendency to
decline after the cow walking through, which was
related to the dynamic background modeling.
Comparing with the fixed components ( five鄄
components) of classical GMM, the minimum model
complexity and the maximum model complexity were
reduced by 56郾 3% and 45郾 4% respectively of all the
744 frames. The introduction of the penalty factor
made the model complexity reduce by 50郾 85% on
average, greatly improved the efficiency of algorithm.
What is more, the areas needed five components to
describe were consistent with the target indicating that
the improved GMM only eliminated the redundant
model and maximumly retained useful information.

Big improvement can be observed in reducing
processing time after testing 1 875 frames. The average
processing time for single frame reduced by 29郾 25% ,
from 0郾 017 1 s to 0郾 012 1 s and was measured on an
Inter(R) Core(TM) i5鄄4200M CPU @ 2郾 50 GHz PC.
It is the foundation of body condition score, lameness
detection etc.

Fig. 4摇 Visual model complexity
摇

3郾 3摇 The foreground melting problem
To verify the effect of the local updating method to

the foreground melting problem, we selected a video in
which a cow walked into the camera view and stayed

still for 20 s in the position. Fig. 5 showed the
detection results of classical GMM and improved
GMM. Obviously, local updating method could solved
the foreground melting problem effectively.

Fig. 5摇 Segmentation result after target staying for a long time
摇
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4摇 Conclusions

(1) Compared with classical GMM, the average
model complexity reduced by 50郾 85% and the
processing time reduced by 29郾 25% after introducing
the constraint factor.

(2)The designed two鄄class classification algorithm
based on the brightness bias and chromaticity bias was
feasible to avoid the influence from the shadow. And
the average target false positive rate reduces by
19郾 50% and the average background false positive rate
reduces by 13郾 37% .

(3)The local updating method, which makes use
of the relative invariance of cows爷 body in moving,
solves the foreground melting problem.
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基于混合高斯模型的移动奶牛目标实时检测

刘　冬　赵凯旋　何东健
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摘要：针对奶牛养殖场背景复杂和环境多变导致现有的目标检测算法无法满足鲁棒性和实时性需求的问题，基于

递归背景建模思想，在混合高斯模型中引入惩罚因子，提出了一种动态背景建模方法，采用局部更新策略，以降低

模型复杂度和解决前景消融问题；提出基于色度偏差和亮度偏差的二分类算法，避免目标物阴影区域的影响。对

不同天气及环境变化剧烈情况下获取的奶牛视频样本进行实验。结果表明，与混合高斯模型相比，平均模型复杂

度降低了 ５０８５％，前景误检率和背景误检率分别降低了 １９５０和 １３３７个百分点，单帧运行时间降低了 ２９２５％，

检测准确率更高、实时性更好，且解决了前景消融问题，能满足在复杂背景和环境条件下实时提取奶牛目标的要

求。
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　　引言

智能视频监控是计算机视觉的一个重要研究领

域，已经广泛应用于精准畜牧领域，例如：跛行检

测
［１－４］

、呼 吸 检 测
［５－６］

、体 况 评 定
［７－１０］

、疾 病 检

测
［１０］
、行为识别

［１１－１３］
等。使用视频监控技术感知

动物运动行为已经成为精准畜牧业的研究热点。从

视频中准确、实时地检测出运动目标是自动感知动

物行为的基础。

国内外研究者近年来在智能感知动物行为领域

取得了一定的成果。然而，由于复杂背景环境造成

目标物提取困难，使得许多研究对环境条件要求苛

刻，故有学者利用红外成像仪获取运动图像以便检

测出目标，该方法不易受到外界环境影响
［１４］
，但红

外成像仪价格昂贵，不利于推广。为减少环境影响，

李建桥等
［１５］
在室内搭建实验平台，采用人造光源，

获得了稳定的实验环境，常用的分析理论和方法均

能相对准确地分离出背景与目标物。ＺＨＡＯ等［１６］

采用局部背景拼接的方法在复杂环境下建立了背景

模型，并取得了较好的提取结果，但该方法对环境变

化敏感，不利于长时间检测。现代畜禽生产中的奶

牛、肉牛、羊等大型动物，由于其体形庞大且活动量

大，饲养场所多为室外开放环境，具有环境因素渐变

或突变的特点，例如：一天内太阳光亮度和角度渐

变、照明设备开关的突变、风吹草动以及入侵飞鸟

等。这些因素会对背景模型的建立和目标物的提取

造成很大的误差，进而对动物行为感知研究造成影

响。因此，现有的检测技术不能直接平移到开放环

境中去，需要一种适应开放环境的移动目标检测方

法，其中背景模型的准确建立是关键。

利用混合高斯模型（Ｇａｕｓｓｉａｎｍｉｘｔｕｒｅｍｏｄｅｌ，
ＧＭＭ）［１７－２０］可以建立动态背景模型，满足长时间观
测的实际需求。但对于复杂环境背景建模问题，仍

存在模型复杂度高、计算量大、无法根据局部背景差

异建立最优模型个数以及无法解决目标物长时间停

留造成的消融问题。目前，国内外提出了各种 ＧＭＭ
改进方法，主要针对模型复杂、运算量大的问题提出

了不同的简化方法。例如张燕平等
［２１］
为解决经典

ＧＭＭ运算量大的问题，引入分块建模思想，将邻域
内相关性较强的点视为“块”，对“块”的均值进行建

模，以降低算法复杂度。但该方法以损失有用信息

为代价换取时间效率，造成边缘锯齿化以及目标模

糊化。ＧＭＭ的时效性与准确性矛盾是一个开放性
问题，如何判定冗余信息，是快速、准确建立准确背

景模型的关键。林庆等
［２２］
提出一种模型筛检策略，

在 ＧＭＭ迭代过程中某一模型的权值小于初始值

时，被认为是多余模型并删除。但初值的选取依然

缺乏理论依据，过大造成前景消融问题；过小则改进

效果不明显。故本文在 ＧＭＭ基础上，以移动奶牛
为研究对象，研究冗余模型判定方法，在不损失有用

信息前提下加快 ＧＭＭ迭代速度，解决开放环境下
的干扰问题、目标物阴影区域的影响及前景消融问

题，为复杂环境下的移动奶牛实时提取提供一种新

的方法。

１　背景建模方法

１１　经典 ＧＭＭ 复杂背景建模问题分析
经典 ＧＭＭ根据视频中每个像素在时间域上的

概率分布信息来构建颜色分布模型，在智能安防等

领域得到广泛应用。ＧＭＭ对每个像素建立了 Ｍ
（一般为 ３～５）个高斯分布模型。一个像素点在 ｔ
时刻的近期采样值为 ｘｔ＝（ｘ

（ｔ）
，ｘ（ｔ－１），…，ｘ（ｔ－Ｔ））。

对样本集 ｘｔ建立高斯分布模型，即

Ｐ（π^ｍ，^μｍ，^σ
２
ｍ｜ｘｔ，Ｂ＋Ｆ）＝∑

Ｍ

ｍ＝１
π^ｍＮ（ｘ

（ｔ）
；^μｍ，^σ

２
ｍ）

（０＜π^ｍ＜１，∑
Ｍ

ｍ＝１
π^ｍ＝１） （１）

式中　Ｂ———背景像素值
Ｆ———前景像素值
Ｍ———高斯模型个数
Ｎ（ｘ（ｔ）；^μｍ，^σ

２
ｍ）———第 ｍ个高斯函数

π^ｍ———第 ｍ个高斯模型的权值
μ^ｍ———第 ｍ个高斯模型的均值

σ^２ｍ———第 ｍ个高斯模型的方差
新添加的样本可能是背景像素也可能是前景像

素，因此式（１）包含了 Ｂ和 Ｆ。当得到新的样本集
ｘｔ，采用 ＥＭ算法

［２３］
（最大期望估计）求得背景模型

递归更新方程为

π^ｍ←π^ｍ＋α（ｏ
（ｔ）
ｍ －π^ｍ） （２）

μ^ｍ←μ^ｍ＋ｏ
（ｔ）
ｍ （α／^πｍ）（ｘ

（ｔ）－μ^ｍ） （３）

σ^２ｍ←σ^
２
ｍ＋ｏ

（ｔ）
ｍ （α／^πｍ）［（ｘ

（ｔ）－μ^ｍ）
２－σ^２ｍ］（４）

式中　α———学习率，决定了参数更新速度
ｏ（ｔ）ｍ ———权属参数

若新样本遵循３σ原则并属于第 ｍ个模型，ｏ（ｔ）ｍ
取１，否则取０。

当前帧为前景目标时，ＧＭＭ会将前景像素量化
为一个新的高斯模型，其权值 π^ｍ较小。按照式（１）
更新后，对权值归一化并按由大到小的顺序排序，以

确保权值累加和等于１。使用权值累加和的前 ９０％
来表示背景模型，即

Ｐ（ｘ（ｔ）｜ｘｔ，Ｂ）＝∑
Ｂ

ｍ＝１
π^ｍＮ（ｘ

（ｔ）
；^μｍ，^σ

２
ｍ） （５）
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其中 Ｂ＝ａｒｇｍｉｎ(ｂ ∑
ｂ

ｍ＝１
π^ｍ＞９０ )％

可以看出，首先，经典 ＧＭＭ对每一帧图像的每
一个像素都要计算 Ｍ个权重 π^ｍ、均值 μ^ｍ 和方差

σ^２ｍ，其中有平方、开方以及指数运算，尤其对于 ３通
道 ＲＧＢ视频图像的运算量大大增加。其次，背景模
型的“９０％”截取方法和模型个数 Ｍ的取值无充分
理论依据，选取不当将会降低目标检测的准确率。

奶牛养殖场为野外开放环境，容易受到外界环

境因素影响，摄像机视野中，不同区域实际所需模型

数不同。若取值偏小，模型对当前环境的描述处于

“欠拟合”状态，目标物与背景接近时，容易将目标

物误检为背景；若取值偏大，又会造成“过拟合”问

题，模型数冗余，易将复杂背景中轻微摇晃的树叶误

检为前景，并且无法避免摄像机的轻微抖动造成的

影响。

运动奶牛视频采集实验是在摄像机固定的条件

下进行的，大部分背景区域基本固定。故本文基于

最小信息长度准则，提出一种自适应模型复杂度约

束方法，既能自适应地选取模型个数，又能去除冗余

模型，有效克服经典 ＧＭＭ在复杂背景下的缺点。
１２　基于“最小样本”的模型复杂度约束

假设模型个数 Ｍ固定，混合高斯模型的权值

π^ｍ可以看作样本来自第 ｍ个模型的概率，在统计
意义上其服从多项分布，似然函数为

ｌ１（π，Ｍ｜ｘ） (＝ｌｇ ∏
Ｍ

ｍ＝１
π^ｎｍ )

(
ｍ

０＜π^ｍ＜１，∑
Ｍ

ｍ＝１
π^ｍ )＝１ （６）

式中　ｎｍ———样本集ｘｔ中第ｍ个高斯模型的样本数
将拉格朗日乘子 λ引入式（６），则最大似然估

计可以写为


^π

(
ｍ

ｌ１＋ (λ ∑
Ｍ

ｍ＝１
π^ｍ ) )－１ ＝０ （７）

求解拉格朗日方程，消去 λ后得

π^ｍ＝
ｎｍ

∑
Ｍ

ｍ＝１
ｎｍ

（８）

将式（８）写为递归形式即为式（２）所示的权值
更新方程。可见，固定模型个数 Ｍ条件下，极大似
然估计法给每一个模型分配若干样本直到模型饱

和，该方法无法避免“错误模型”，且无法依据不同

区域自适应建立最优模型的个数。本文基于如下事

实对上述过程进行改进：１个像素点构成的样本 ｘｔ
是由背景、目标物和噪声构成，且噪声样本数 Ｎ远
远小于其他两者。

对似然函数式（６）添加复杂度约束因子 Ｎ，即

ｌ２（π，Ｍ｜ｘ） (＝ｌｇ ∏
Ｍ

ｍ＝１
π^ｎｍ－Ｎ )ｍ （９）

式中，Ｎ取较小的数（例如 ３０），表示剔除每个模型
样本中的噪声数，式（９）可改写为

ｌ２（π，Ｍ｜ｘ） (＝ｌｇ ∏
Ｍ

ｍ＝１
π^ｎｍｍ） (＋ｌｇ ∏

Ｍ

ｍ＝１
π^－Ｎ )ｍ

（１０）
式（１０）中，右边第 ２项为模型复杂度约束项，引入
拉格朗日乘子 λ，式（１０）的最大似然估计为


^π

(
ｍ

ｌ２＋ (λ ∑
Ｍ

ｍ＝１
π^ｍ ) )－１ ＝０ （１１）

求得权重递归方程为

π^（ｔ＋１）ｍ ←π^（ｔ）＋α（ｏ（ｔ）ｍ －π^
（ｔ）
ｍ ）－αＮ／Ｔ （１２）

式中　Ｔ———像素点在 ｔ时刻的近期采样数
模型复杂度约束项对每个模型赋予了 Ｎ个“负

样本”，即权值 π^ｍ初始化为负值。当有足够多样本
来“支撑”第ｍ个模型时，即满足ｎｍ－Ｎ＞０时，则第
ｍ个模型的权值为正，此时 Ｎ取最小样本数。在
ＧＭＭ算法迭代过程中，当检测到某一模型的权值为
负值时，认为该模型是由噪声引起的“错误模型”，

则抛弃这个模型，由此可以自适应选取最优模型个

数，从而实现模型复杂度的约束。改进的 ＧＭＭ背
景更新方程可以写为

π^ｍ←π^ｍ＋α（ｏ
（ｔ）
ｍ －π^ｍ）－αＮ／Ｔ

μ^ｍ←μ^ｍ＋ｏ
（ｔ）
ｍ （α／^πｍ）（ｘ

（ｔ）－μ^ｍ）

σ^２ｍ←σ^
２
ｍ＋ｏ

（ｔ）
ｍ （α／^πｍ）［（ｘ

（ｔ）－μ^ｍ）
２－σ^２ｍ

{
］

（１３）

２　目标提取算法

经典 ＧＭＭ前景检测算法中，当新的一帧到来
时，每个位置的像素分别与该位置对应的 Ｍ个高斯
模型匹配验证，若能与任意一个模型按照 ２５σ原
则匹配上，则认为当前像素为背景，同时按照

式（１３）更新背景模型；若与所有高斯模型都不匹
配，则认为当前像素为前景，并建立新的模型来替换

已有的权重最小的模型，新模型的权值设为较小值，

均值设为当前像素值，方差设为较 大 的 初 始

值
［２４－２５］

。

奶牛场开放环境中，上述前景检测算法不能很

好地辨认出奶牛阴影，原因在于上述算法实质为

１个二分类算法，阴影区域的亮度偏差和色度偏差
处于２５σ以外，被误检为前景。为解决该问题，本
文选择２个特征来衡量阴影区域的亮度偏差和色度
偏差，对前景再进行１次二分类，２个特征分别为
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βＲＧＢ＝ａｒｇｍｉｎ
β
（ｘＲＧＢ－βμＲＧＢ）

２＝

ｘＲμＲ＋ｘＧμＧ＋ｘＢμＢ
μ２Ｒ＋μ

２
Ｇ＋μ

２
Ｂ

（１４）

ＤＲＧＢ＝ （ｘＲ－βμＲ）
２
（ｘＧ－βμＧ）

２
（ｘＢ－βμＢ）槡

２

（１５）
式中　βＲＧＢ———与背景模型期望的偏差

ＤＲＧＢ———与背景模型期望的距离
ｘＲ、ｘＧ、ｘＢ———当前像素 Ｒ、Ｇ、Ｂ通道像素值

μＲ、μＧ、μＢ———与当前像素相匹配模型的 Ｒ、
Ｇ、Ｂ通道期望值

βＲＧＢ越接近１表示当前像素与背景越接近。分
类规则公式表示为

ｘｉ＝
Ｓ （０５＜βＲＧＢ＜１且 ＤＲＧＢ＜４σβＲＧＢ）

Ｆ （其他{ ）

（１６）
式中　Ｓ———奶牛阴影　　Ｆ———移动奶牛

若０５＜βＲＧＢ＜１，表示当前像素值比背景模型
期望值小，亮度偏暗。ＤＲＧＢ的阈值取 ４σ时，实际上
放宽了背景阈值，符合阴影部分像素与背景模型期

望值接近的直观理解。

式（１３）中学习率 α决定了背景更新的速度，预
设值过大则造成背景更新过快，将移动缓慢的物体

误分类为背景；预设值过小又达不到动态背景建模

的目的。奶牛在摄像机视野中停留时间过长，会被

逐渐训练成背景直至消失，仅仅靠调整参数无法彻

底解决该问题
［２５］
。在奶牛运动过程中，牛身部分相

对不变，故将牛身位置信息作为是否停留的判断依

据，采用局部更新的方法：根据前一帧检测结果用一

个最大内接矩形和一个最小外接矩形标记前景目

标，若后一帧最大内接矩形重心与前一帧的最大内

接矩形的重心重合或小于一个阈值（２～５个像素），
则表明前景目标停止移动，选择只更新外接矩形以

外的区域，否则更新整个图像。此外，若检测超过

５０帧前景无移动，则更新整个图像，可有效避免目
标物在摄像机视野边界停留造成的检测失效问题。

３　实验结果与分析

实验视频采集于陕西杨凌科元克隆股份有限公

司的规模奶牛养殖场，拍摄对象为美国荷斯坦奶牛

通过挤奶间与饮水槽之间宽２ｍ、长７ｍ的走廊时的
侧视图。为避免拍摄工作对奶牛活动的影响，摄像

机（海康威视 ＤＳ ２ＤＭ１ ７１４型网络球形摄像机）
安装于距离走廊 ３５ｍ、高 １８ｍ的支撑架上。ＣＣＤ
传感器平行于走廊，焦距为 ４５ｍｍ以确保摄像机视
野宽度大于牛身长度的 ２倍。采集视频为 ＰＡＬ制

式，帧率２５帧／ｓ，码率 ２０４８ｋｂ／ｓ，分辨率 ７０４像素 ×
５７４像素。采集时间为２０１３年７月。

为了验证本文方法对环境渐变或突变的鲁棒

性，人工截取一天傍晚日落过程 ４９２２６帧以及晴天
７４４帧、雨天 ２７６帧、夜间（红外光源）６０１帧视频，
对改进算法与经典 ＧＭＭ提取移动奶牛的结果进行
对比实验。

采用前景误检率 （Ｔａｒｇｅｔｆａｌｓｅｐｏｓｉｔｉｖｅｒａｔｅ，
ＶＴＦＰＲ）、背景误检率（Ｂａｃｋｇｒｏｕｎｄｆａｌｓｅｐｏｓｉｔｉｖｅｒａｔｅ，
ＶＢＦＰＲ）和运行时间（Ｐｒｏｃｅｓｓｉｎｇｔｉｍｅ，ＶＰＴ）３个评价指
标。ＶＴＦＰＲ和 ＶＢＦＰＲ分别为属于目标的像素点被误判
为背景的百分比和属于背景的像素点被误判为前景

的百分比，计算公式为

ＶＴＦＰＲ＝
｜Ａ１－Ａ２｜
Ａ１

×１００％ （１７）

ＶＢＦＰＲ＝
｜Ｆ－Ａ２｜
Ｆ

×１００％ （１８）

式中　Ａ１———人工标注获得的奶牛面积
Ａ２———检测的奶牛面积
Ｆ———检测的全部前景面积

通过 Ｐｈｏｔｏｓｈｏｐ进行手工分割获取 Ａ１，通过自
动检测奶牛最小外接矩形，将矩形区域内目标像素

数作为检测的奶牛面积 Ａ２。
３１　对环境变化的鲁棒性分析

采用本文方法对晴天、雨天以及夜间环境下实

验样本检测，结果如图１所示，其中从上到下依次为
原始图像、经典 ＧＭＭ提取结果、本文算法提取结
果。由图可见，不同环境条件下本文算法提取结果

的奶牛目标更加完整，尤其在夜间（红外光源）只有

单通道图像先验信息条件下，本文算法能够对当前

环境背景准确建模。

对环境变化剧烈的日落过程奶牛目标检测进行

实验，选取３２帧具有有效牛身信息的提取结果进行
统计，ＧＭＭ建模和本文建模方法的 ＶＴＦＰＲ、ＶＢＦＰＲ变化
如图 ２、３所示。分析图 ２、３可知，本文算法提取效
果优于经典 ＧＭＭ。平均前景误检率由 ３７６８％降
低到１８１８％，降低了 １９５０个百分点。平均背景
误检率由 ２０８９％降低到 ７５２％，降低了 １３３７个
百分点。图３中的背景误检率实际上表达了所建背
景建模的准确性，可以看出传统混合高斯模型的背

景误检率呈现不断上升的趋势，表明随环境变化

（日落过程）背景模型对环境的适应性变差。本文

建模方法背景误检率趋于平稳。

上述结果表明，与经典 ＧＭＭ方法相比，本文方
法对环境变化具有良好的鲁棒性，且背景模型更切

合实际环境，前景检测算法准确性更高。
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图 １　移动奶牛提取结果

Ｆｉｇ．１　Ｒｅｓｕｌｔｏｆｍｏｖｉｎｇｃｏｗｓｓｅｇｍｅｎｔａｔｉｏｎ
　

图 ２　前景误检率

Ｆｉｇ．２　Ｓｅｇｍｅｎｔａｔｉｏｎｅｒｒｏｒｏｆｆｏｒｅｇｒｏｕｎｄ
　

图 ３　背景误检率

Ｆｉｇ．３　Ｓｅｇｍｅｎｔａｔｉｏｎｅｒｒｏｒｏｆｂａｃｋｇｒｏｕｎｄ
　３２　模型复杂度分析
通常，经典 ＧＭＭ选用 ３～５个高斯函数来描述

一个像素点的背景，本实验选用 ５个高斯函数以充
分考虑部分点的复杂性。为了直观对比模型复杂度

约束效果，采用灰度图表示每个像素点所使用的高

斯函数个数，将灰度（０～２５５）等分为 ５个灰阶，用
不同的灰度表示采用高斯函数的个数，像素点颜色

越暗的区域使用的高斯函数个数越多，即模型复杂

度越高。本文对奶牛从左向右缓步进入摄像机视野

的 ７４４帧图像统计其模型的复杂度，如图 ４所示。
图 ４ａ为第 ６００帧原图，图 ４ｂ为图 ４ａ可视化后的
模型复杂度，表示每个像素位置使用的高斯函数

个数。

图４ｃ统计了使用不同高斯模型个数（１～５）的
像素占全体像素的百分比。由图 ４可看出：①经过
复杂度约束后，７４％的区域仅用了１～３个高斯模型
便可描述，且奶牛经过的区域，复杂度有降低的趋

势，这与动态背景建模有关。② 与固定模型数
（５个）相比，统计出 ７４４帧视频图像处理过程中的
最小模型复杂度和最大模型复杂度分别降低了

５６３％和４５４％。表明本文引入约束惩罚项可使
ＧＭＭ的模型复杂度平均降低 ５０８５％，大大提高了
算法效率。③有 １７％的区域需要 ５个模型数来描
述，与目标奶牛占全部像素的比例基本一致，表明本

文方法最大程度保留了有用信息。

为验证本文算法的实时性能，在配置为 Ｉｎｔｅｒ
（Ｒ）Ｃｏｒｅ（ＴＭ）ｉ５ ４２００ＭＣＰＵ＠２５０ＧＨｚ计算机
上对１８７５帧视频图像进行奶牛提取实验。与经典
ＧＭＭ相比，平均单帧处理时间从 ００１７１ｓ降低到
００１２１ｓ，降低了２９２５％。移动目标的高效提取为
体况评价、步态分析等研究奠定了基础。
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图 ４　可视化模型复杂度

Ｆｉｇ．４　Ｖｉｓｕａｌｍｏｄｅｌｃｏｍｐｌｅｘｉｔｙ
　
３３　前景消融问题

在 ＧＭＭ建模中，若奶牛在视野中停留时间过
长，则会被逐渐训练成背景直至消失。为验证本文

方法解决前景消融问题的效果，从原始实验样本中

节选有奶牛停留的片段，视频中奶牛从左向右进入

　　

摄像机视野，在图 ５ａ所示位置停留了约 ２０ｓ。
图 ５ｂ和图 ５ｃ分别为经典 ＧＭＭ和本文算法在奶
牛停留了 １５ｓ后的提取结果。可以看出，采用局
部更新法有效解决了奶牛长时间停留造成的前景

消融问题。

图 ５　长时间停留后提取结果

Ｆｉｇ．５　Ｓｅｇｍｅｎｔａｔｉｏｎｒｅｓｕｌｔａｆｔｅｒｔａｒｇｅｔｓｔａｙｉｎｇｆｏｒａｌｏｎｇｔｉｍｅ
　

４　结论

（１）引入了复杂度约束因子改进的混合高斯背
景建模方法，与经典 ＧＭＭ方法相比，模型复杂度平
均降低了５０８５％。

（２）在前景检测算法中引入亮度偏差和色度偏
差，对奶牛目标进行二分类，减少了目标阴影造成的

误检。且前景误检率和背景误检率分别降低了

１９５０和１３３７个百分点，单帧运行时间平均降低
了２９２５％。

（３）改进模型利用牛身位移尺度不变性，采用
局部更新策略，有效解决了经典 ＧＭＭ中前景目标
长时间停留引起的消融问题。

参 考 文 献

１　ＰＬＵＹＭＬＭ，ＭＡＥＳＤ，ＶＡＮＧＥＹＴＥＪ，ｅｔａｌ．Ｄｅｖｅｌｏｐｍｅｎｔｏｆａｓｙｓｔｅｍｆｏｒａｕｔｏｍａｔｉｃｍｅａｓｕｒｅｍｅｎｔｓｏｆｆｏｒｃｅａｎｄｖｉｓｕａｌｓｔａｎｃｅ
ｖａｒｉａｂｌｅｓｆｏｒｏｂｊｅｃｔｉｖｅｌａｍｅｎｅｓｓｄｅｔｅｃｔｉｏｎｉｎｓｏｗｓ：ＳｏｗＳＩＳ［Ｊ］．ＢｉｏｓｙｓｔｅｍｓＥｎｇｉｎｅｅｒｉｎｇ，２０１３，１１６（１）：６４－７４．

２　ＦＡＮＢ，ＯＮＴＥＲＵＳＫ，ＭＯＴＥＢＥ，ｅｔａｌ．Ｌａｒｇｅｓｃａｌｅａｓｓｏｃｉａｔｉｏｎｓｔｕｄｙｆｏｒｓｔｒｕｃｔｕｒａｌｓｏｕｎｄｎｅｓｓａｎｄｌｅｇｌｏｃｏｍｏｔｉｏｎｔｒａｉｔｓｉｎｔｈｅ
ｐｉｇ［Ｊ］．ＧｅｎｅｔｉｃｓＳｅｌｅｃｔｉｏｎＥｖｏｌｕｔｉｏｎ，２００９，４１（３）：１－９．

３　ＣＯＮＴＥＳ，ＢＥＲＧＥＲＯＮＲ，ＧＯＮＹＯＵＨ，ｅｔａｌ．Ｍｅａｓｕｒｅａｎｄｃｈａｒａｃｔｅｒｉｚａｔｉｏｎｏｆｌａｍｅｎｅｓｓｉｎｇｅｓｔａｔｉｎｇｓｏｗｓｕｓｉｎｇｆｏｒｃｅｐｌａｔｅ，
ｋｉｎｅｍａｔｉｃ，ａｎｄａｃｃｅｌｅｒｏｍｅｔｅｒｍｅｔｈｏｄｓ［Ｊ］．ＪｏｕｒｎａｌｏｆＡｎｉｍａｌＳｃｉｅｎｃｅ，２０１４，９２（１２）：５６９３－５７０３．

４　刘波，朱伟兴，杨建军，等．基于深度图像和生猪骨架端点分析的生猪步频特征提取［Ｊ］．农业工程学报，２０１４，３０（１０）：
１３１－１３７．
ＬＩＵＢｏ，ＺＨＵＷｅｉｘｉｎｇ，ＹＡＮＧＪｉａｎｊｕｎ，ｅｔａｌ．Ｅｘｔｒａｃｔｉｎｇｏｆｐｉｇｇａｉｔｆｒｅｑｕｅｎｃｙｆｅａｔｕｒｅｂａｓｅｄｏｎｄｅｐｔｈｉｍａｇｅａｎｄｐｉｇｓｋｅｌｅｔｏｎ
ｅｎｄｐｏｉｎｔｓａｎａｌｙｓｉｓ［Ｊ］．ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣＳＡＥ，２０１４，３０（１０）：１３１－１３７．（ｉｎＣｈｉｎｅｓｅ）

５　纪滨，朱伟兴，刘波，等．基于脊腹线波动的猪呼吸急促症状视频分析［Ｊ］．农业工程学报，２０１１，２７（１）：１９１－１９５．
ＪＩＢｉｎ，ＺＨＵＷｅｉｘｉｎｇ，ＬＩＵＢｏ，ｅｔａｌ．Ｖｉｄｅｏａｎａｌｙｓｉｓｆｏｒｔａｃｈｙｐｎｅａｏｆｐｉｇｓｂａｓｅｄｏｎｆｌｕｃｔｕａｔｉｎｇｒｉｄｇｅａｂｄｏｍｅｎ［Ｊ］．Ｔｒａｎｓａｃｔｉｏｎｓｏｆ
ｔｈｅＣＳＡＥ，２０１１，２７（１）：１９１－１９５．（ｉｎＣｈｉｎｅｓｅ）

６　赵凯旋，何东健，王恩泽．基于视频分析的奶牛呼吸频率与异常检测［Ｊ］．农业机械学报，２０１４，４５（１０）：２５８－２６３．

３９２第 ５期　　　　　　　　　　　　　刘冬 等：基于混合高斯模型的移动奶牛目标实时检测

http://www.j-csam.org/jcsam/ch/reader/view_abstract.aspx?flag=1&file_no=20141040&journal_id=jcsam


ＺＨＡＯＫａｉｘｕａｎ，ＨＥＤｏｎｇｊｉａｎ，ＷＡＮＧＥｎｚｅ．Ｄｅｔｅｃｔｉｏｎｏｆｂｒｅａｔｈｉｎｇｒａｔｅａｎｄａｂｎｏｒｍｉｔｙｏｆｄａｉｒｙｃａｔｔｌｅｂａｓｅｄｏｎｖｉｄｅｏａｎａｌｙｓｉｓ［Ｊ］．
ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣｈｉｎｅｓｅＳｏｃｉｅｔｙｆｏｒＡｇｒｉｃｕｌｔｕｒａｌＭａｃｈｉｎｅｒｙ，２０１４，４５（１０）：２５８－２６３．（ｉｎＣｈｉｎｅｓｅ）

７　ＬＩＵＪ，ＪＩＡＮＧＷ，ＧＵＯＹ．Ｓｔｕｄｙｏｎａｐｐｌｉｃａｔｉｏｎｏｆｉｍａｇｅｒｅｃｏｇｎｉｔｉｏｎｔｅｃｈｎｉｑｕｅｉｎｔｈｅｃｏｗｂｏｄｙｃｏｎｄｉｔｉｏｎｓｃｏｒｅ［Ｃ］∥２０１１ＩＥＥＥ
１３ｔｈＩｎｔｅｒｎａｔｉｏｎａｌＣｏｎｆｅｒｅｎｃｅｏｎＣｏｍｍｕｎｉｃａｔｉｏｎＴｅｃｈｎｏｌｏｇｙ（ＩＣＣＴ），２０１１：３７３－３７６．

８　王龙．机器视觉在奶牛体况评定中的应用［Ｄ］．上海：东华大学，２０１４．
ＷＡＮＧＬｏｎｇ．Ａｐｐｌｉｃａｔｉｏｎｏｆｄａｉｒｙｃｏｗｂｏｄｙｃｏｎｄｉｔｉｏｎｓｃｏｒｉｎｇｂａｓｅｄｏｎｍａｃｈｉｎｅｖｉｓｉｏｎ［Ｄ］．Ｓｈａｎｇｈａｉ：ＤｏｎｇｈｕａＵｎｉｖｅｒｓｉｔｙ，２０１４．
（ｉｎＣｈｉｎｅｓｅ）

９　李吉楠，孙鹏，覃春富，等．体况评分在奶牛饲养管理上应用的研究进展［Ｊ］．中国畜牧兽医，２０１３，１０（１０）：１１５－１１９．
ＬＩＪｉｎａｎ，ＳＵＮＰｅｎｇ，ＱＩＮＣｈｕｎｆｕ，ｅｔａｌ．Ｒｅｓｅａｒｃｈａｄｖａｎｃｅｏｆｂｏｄｙｃｏｎｄｉｔｉｏｎｓｃｏｒｅｉｎｔｈｅｍａｎａｇｅｍｅｎｔｏｆｆｅｅｄｉｎｇｔｈｅｄａｉｒｙｃｏｗｓ
［Ｊ］．ＣｈｉｎａＡｎｉｍａｌＨｕｓｂａｎｄｒｙ＆ＶｅｔｅｒｉｎａｒｙＭｅｄｉｃｉｎｅ，２０１３，１０（１０）：１１５－１１９．（ｉｎＣｈｉｎｅｓｅ）

１０　朱伟兴，浦雪峰，李新城，等．基于行为监测的疑似病猪自动化识别系统［Ｊ］．农业工程学报，２０１０，２６（１）：１８８－１９２．
ＺＨＵＷｅｉｘｉｎｇ，ＰＵＸｕｅｆｅｎｇ，ＬＩＸｉｎｃｈｅｎｇ，ｅｔａｌ．Ａｕｔｏｍａｔｉｃｉｄｅｎｔｉｆｉｃａｔｉｏｎｓｙｓｔｅｍｏｆｐｉｇｓｗｉｔｈｓｕｓｐｅｃｔｅｄｃａｓｅｂａｓｅｄｏｎｂｅｈａｖｉｏｒ
ｍｏｎｉｔｏｒｉｎｇ［Ｊ］．ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣＳＡＥ，２０１０，２６（１）：１８８－１９２．（ｉｎＣｈｉｎｅｓｅ）

１１　ＰＯＲＴＯＳＭＣ，ＡＲＣＩＤＩＡＣＯＮＯＣ，ＡＮＧＵＺＺＡＵ，ｅｔａｌ．Ａｃｏｍｐｕｔｅｒｖｉｓｉｏｎｂａｓｅｄｓｙｓｔｅｍｆｏｒｔｈｅａｕｔｏｍａｔｉｃｄｅｔｅｃｔｉｏｎｏｆｌｙｉｎｇ
ｂｅｈａｖｉｏｕｒｏｆｄａｉｒｙｃｏｗｓｉｎｆｒｅｅｓｔａｌｌｂａｒｎｓ［Ｊ］．ＢｉｏｓｙｓｔｅｍｓＥｎｇｉｎｅｅｒｉｎｇ，２０１３，１１５（２）：１８４－１９４．

１２　劳凤丹，滕光辉，李军，等．机器视觉识别单只蛋鸡行为的方法［Ｊ］．农业工程学报，２０１２，２８（２４）：１５７－１６３．
ＬＡＯＦｅｎｇｄａｎ，ＴＥＮＧＧｕａｎｇｈｕｉ，ＬＩＪｕｎ，ｅｔａｌ．Ｂｅｈａｖｉｏｒｒｅｃｏｇｎｉｔｉｏｎｍｅｔｈｏｄｆｏｒｉｎｄｉｖｉｄｕａｌｌａｙｉｎｇｈｅｎｂａｓｅｄｏｎｃｏｍｐｕｔｅｒｖｉｓｉｏｎ
［Ｊ］．ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣＳＡＥ，２０１２，２８（２４）：１５７－１６３．（ｉｎＣｈｉｎｅｓｅ）

１３　闫丽，沈明霞，谢秋菊，等．哺乳母猪高危动作识别方法研究［Ｊ］．农业机械学报，２０１６，４７（１）：２６６－２７２．
ＹＡＮＬｉ，ＳＨＥＮＭｉｎｇｘｉａ，ＸＩＥＱｉｕｊｕ，ｅｔａｌ．Ｒｅｓｅａｒｃｈｏｎｒｅｃｏｇｎｉｔｉｏｎｍｅｔｈｏｄｏｆｌａｃｔａｔｉｎｇｓｏｗｓｄａｎｇｅｒｏｕｓｂｏｄｙｍｏｖｅｍｅｎｔ［Ｊ］．
ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣｈｉｎｅｓｅＳｏｃｉｅｔｙｆｏｒＡｇｒｉｃｕｌｔｕｒａｌＭａｃｈｉｎｅｒｙ，２０１６，４７（１）：２６６－２７２．（ｉｎＣｈｉｎｅｓｅ）

１４　王程，王润生．野外复杂背景下红外图像的目标检测［Ｊ］．红外与激光工程，２０００，１（１）：５－８．
ＷＡＮＧＣｈｅｎｇ，ＷＡＮＧＲｕｎｓｈｅｎｇ．ＩＲｔａｒｇｅｔｄｅｔｅｃｔｉｏｎｕｎｄｅｒｏｐｅｎｃｏｕｎｔｒｙｓｃｅｎｅｗｉｔｈａｃｏｍｐｌｅｘｂａｃｋｇｒｏｕｎｄ［Ｊ］．Ｉｎｆｒａｒｅｄａｎｄ
ＬａｓｅｒＥｎｇｉｎｅｅｒｉｎｇ，２０００，１（１）：５－８．（ｉｎＣｈｉｎｅｓｅ）

１５　李建桥，张晓冬，邹猛，等．中华绒螯蟹平面运动三维观测和步态分析［Ｊ］．农业机械学报，２０１２，４３（增刊）：３３５－３３８．
ＬＩＪｉａｎｑｉａｏ，ＺＨＡＮＧＸｉａｏｄｏｎｇ，ＺＯＵＭｅｎｇ，ｅｔａｌ．３ＤｓｕｒｖｅｙｉｎｇａｎｄｇａｉｔｓａｎａｌｙｓｉｓｏｆＣｈｉｎｅｓｅｍｉｔｔｅｎｃｒａｂｉｎｓｍｏｏｔｈｒｏａｄ［Ｊ］．
ＴｒａｎｓａｃｔｉｏｎｓｏｆｔｈｅＣｈｉｎｅｓｅＳｏｃｉｅｔｙｆｏｒＡｇｒｉｃｕｌｔｕｒａｌＭａｃｈｉｎｅｒｙ，２０１２，４３（Ｓｕｐｐ．）：３３５－３３８．（ｉｎＣｈｉｎｅｓｅ）

１６　ＺＨＡＯＫＸ，ＨＥＤＪ．Ｔａｒｇｅｔｄｅｔｅｃｔｉｏｎｍｅｔｈｏｄｆｏｒｍｏｖｉｎｇｃｏｗｓｂａｓｅｄｏｎｂａｃｋｇｒｏｕｎｄｓｕｂｔｒａｃｔｉｏｎ［Ｊ］．ＩｎｔｅｒｎａｔｉｏｎａｌＪｏｕｒｎａｌｏｆ
Ａｇｒｉｃｕｌｔｕｒａｌ＆ＢｉｏｌｏｇｉｃａｌＥｎｇｉｎｅｅｒｉｎｇ，２０１５，８（１）：４２－４９．

１７　ＺＩＶＫＯＶＩＣＺ．Ｉｍｐｒｏｖｅｄａｄａｐｔｉｖｅｇａｕｓｓｉａｎｍｉｘｔｕｒｅｍｏｄｅｌｆｏｒｂａｃｋｇｒｏｕｎｄｓｕｂｔｒａｃｔｉｏｎ［Ｃ］∥ＩＥＥＥＩｎｔｅｒｎａｔｉｏｎａｌＣｏｎｆｅｒｅｎｃｅｏｎ
ＰａｔｔｅｒｎＲｅｃｏｇｎｉｔｉｏｎ，２００４：２８－３１．

１８　ＳＴＡＵＦＦＥＲＣ，ＧＲＩＭＳＯＮＷ ＥＬ．Ａｄａｐｔｉｖｅｂａｃｋｇｒｏｕｎｄｍｉｘｔｕｒｅｍｏｄｅｌｓｆｏｒｒｅａｌｔｉｍｅｔｒａｃｋｉｎｇ［Ｃ］∥ＩＥＥＥＣｏｍｐｕｔｅｒＳｏｃｉｅｔｙ
ＣｏｎｆｅｒｅｎｃｅｏｎＣｏｍｐｕｔｅｒＶｉｓｉｏｎａｎｄＰａｔｔｅｒｎＲｅｃｏｇｎｉｔｉｏｎ，１９９９．

１９　ＺＩＶＫＯＶＩＣＺ，ＨＥＩＪＤＥＮＦＶＤ．Ｅｆｆｉｃｉｅｎｔａｄａｐｔｉｖｅｄｅｎｓｉｔｙｅｓｔｉｍａｔｉｏｎｐｅｒｉｍａｇｅｐｉｘｅｌｆｏｒｔｈｅｔａｓｋｏｆｂａｃｋｇｒｏｕｎｄｓｕｂｔｒａｃｔｉｏｎ［Ｊ］．
ＰａｔｔｅｒｎＲｅｃｏｇｎｉｔｉｏｎＬｅｔｔｅｒｓ，２００６，２７（７）：７７３－７８０．

２０　ＳＴＡＵＦＦＥＲＣ，ＧＲＩＭＳＯＮＷ ＥＬ．Ｌｅａｒｎｉｎｇｐａｔｔｅｒｎｓｏｆａｃｔｉｖｉｔｙｕｓｉｎｇｒｅａｌｔｉｍｅｔｒａｃｋｉｎｇ［Ｊ］．ＩＥＥＥＴｒａｎｓａｃｔｉｏｎｓｏｎＰａｔｔｅｒｎ
Ａｎａｌｙｓｉｓ＆ＭａｃｈｉｎｅＩｎｔｅｌｌｉｇｅｎｃｅ，２０００，２２（８）：７４７－７５７．

２１　张燕平，白云球，赵勇，等．应用改进混合高斯模型的运动目标检测［Ｊ］．计算机工程与应用，２０１１，４６（３４）：１５５－１５７．
ＺＨＡＮＧＹａｎｐｉｎｇ，ＢＡＩＹｕｎｑｉｕ，ＺＨＡＯＹｏｎｇ，ｅｔａｌ．ＭｏｖｉｎｇｏｂｊｅｃｔｄｅｔｅｃｔｉｏｎｂａｓｅｄｏｎｉｍｐｒｏｖｅｄＧａｕｓｓｉａｎｍｉｘｔｕｒｅｍｏｄｅｌｓ［Ｊ］．
ＣｏｍｐｕｔｅｒＥｎｇｉｎｅｅｒｉｎｇａｎｄＡｐｐｌｉｃａｔｉｏｎｓ，２０１１，４６（３４）：１５５－１５７．（ｉｎＣｈｉｎｅｓｅ）

２２　林庆，徐柱，王士同，等．ＨＳＶ自适应混合高斯模型的运动目标检测［Ｊ］．计算机科学，２０１０，１０（１０）：２５４－２５６．
ＬＩＮＱｉｎｇ，ＸＵＺｈｕ，ＷＡＮＧＳｈｉｔｏｎｇ，ｅｔａｌ．ＭｏｖｉｎｇｏｂｊｅｃｔｓｄｅｔｅｃｔｉｏｎｏｆａｄａｐｔｉｖｅｇａｕｓｓｉａｎｍｉｘｔｕｒｅｍｏｄｅｌｓｏｎＨＳＶ［Ｊ］．Ｃｏｍｐｕｔｅｒ
Ｓｃｉｅｎｃｅ，２０１０，１０（１０）：２５４－２５６．（ｉｎＣｈｉｎｅｓｅ）

２３　李旭超．图像统计模型参数估计中的期望最大值算法［Ｊ］．中国图象图形学报，２０１２，１７（６）：６１９－６２９．
ＬＩＸｕｃｈａｏ．Ｅｘｐｅｃｔａｔｉｏｎｍａｘｉｍｉｚａｔｉｏｎｍｅｔｈｏｄｆｏｒｐａｒａｍｅｔｅｒｅｓｔｉｍａｔｉｏｎｏｆｉｍａｇｅｓｔａｔｉｓｔｉｃａｌｍｏｄｅｌ［Ｊ］．ＪｏｕｒｎａｌｏｆＩｍａｇｅａｎｄ
Ｇｒａｐｈｉｃｓ，２０１２，１７（６）：６１９－６２９．（ｉｎＣｈｉｎｅｓｅ）

２４　陈祖爵，陈潇君，何鸿．基于改进的混合高斯模型的运动目标检测［Ｊ］．中国图象图形学报，２００７，１２（９）：１５８５－１５８９．
ＣＨＥＮＺｕｊｕｅ，ＣＨＥＮＸｉａｏｊｕｎ，ＨＥＨｏｎｇ．Ｍｏｖｉｎｇｏｂｊｅｃｔｄｅｔｅｃｔｉｏｎｂａｓｅｄｏｎｉｍｐｒｏｖｅｄｍｉｘｔｕｒｅｇａｕｓｓｉａｎｍｏｄｅｌ［Ｊ］．Ｊｏｕｒｎａｌｏｆ
ＩｍａｇｅａｎｄＧｒａｐｈｉｃｓ，２００７，１２（９）：１５８５－１５８９．（ｉｎＣｈｉｎｅｓｅ）

２５　白向峰，李艾华，李喜来，等．新型背景混合高斯模型［Ｊ］．中国图象图形学报，２０１１，１６（６）：９８３－９８８．
ＢＡＩＸｉａｎｇｆｅｎｇ，ＬＩＡｉｈｕａ，ＬＩＸｉｌａｉ，ｅｔａｌ．ＡｎｏｖｅｌｂａｃｋｇｒｏｕｎｄＧａｕｓｓｉａｎｍｉｘｔｕｒｅｍｏｄｅｌ［Ｊ］．ＪｏｕｒｎａｌｏｆＩｍａｇｅａｎｄＧｒａｐｈｉｃｓ，
２０１１，１６（６）：９８３－９８８．（ｉｎＣｈｉｎｅｓｅ）

４９２ 农　业　机　械　学　报　　　　　　　　　　　　　　　　　２０１６年

http://www.j-csam.org/jcsam/ch/reader/view_abstract.aspx?flag=1&file_no=20160136&journal_id=jcsam
http://www.j-csam.org/jcsam/ch/reader/view_abstract.aspx?flag=1&file_no=2012s68&journal_id=jcsam



