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Abstract: The background models are crucially important for the object extraction for moving objects detection in a video.  
The Gaussian mixture model (GMM) is one of popular methods in the background models.  Gaussian mixture model which 
applied to the pig target detection has some shortcomings such as low efficiency of algorithm, misjudgment points and ghosts.  
This study proposed an improved algorithm based on adaptive Gaussian mixture model, to overcome the deficiencies of the 
traditional Gaussian mixture model in pig object detection.  Based on Gaussian mixture background model, this paper 
introduced two new parameters of video frames m and T0.  The Gaussian distribution was scanned once every m frames, the 
excessive Gaussian distribution was deleted to improve the convergence speed of the model.  Meanwhile, using different 
learning rates to suppress ghosts, a higher decreasing learning rate was adopted to accelerate the background modeling before 
T0, the background model would become stable as the time continued and a smaller learning rate could be used.  In order to 
maintain a stable background and reduce noise interference, a fixed learning rate after T0 was used.  Results of experiments 
indicated that this algorithm could quickly build the initial background model, detect the moving target pigs, and extract the 
complete contours of the target pigs’.  The algorithm is characterized by good robustness and adaptability. 
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1  Introduction  

The key elements of the natural pig behavior traits 
include feed and water intake frequency, and excretion 
frequency.  These factors indicate the growth rate of 
species.  The monitoring of behavioral traits and 
analyzing[1] are indispensable to determine the animal 
health.  Pig detection is to segment the pig target from 
the background image, for the pig target classification, 
recognition and tracking, which is the basis of analysis of 
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the behavior characteristics of record. 
Optical flow method, frame difference method and 

background subtraction method are the most commonly 
used methods for target detection[2-6].  The optical flow 
method[7-11] can detect object movement independently, 
but due to extensive data calculations, it becomes difficult 
for real-time monitoring. The frame difference 
method[12-14] is simple but cannot track all the objects 
precisely.  The background subtraction[15-19] method 
based on the Gaussian model has the noise resistance and 
relatively accurate.  Many researchers have improved 
the mixture Gaussian model algorithm.  Bouttefroy et 
al.[20] proposed a method to use different learning rate in 
the variance and mean of mixed Gaussian background 
model, setting specific variance to eliminate or reduce 
noise caused by illumination mutation and motion 
mutation.  Kayabol and Kutluk[21] proposed spatial joint 
spectral changes of Gaussian mixture model to solve 
hyper spectral image classification.  The model provides 
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a robust estimation for small sample training sets and 
determines the prior distribution of mean vector and 
covariance matrix to solve the parameter estimation 
problem.  Moreover, it uses pixel space variation mix 
ratio to improve the classification accuracy rate.  Shah et 
al.[22] introduced a new local parameter learning 
algorithm for the Gaussian mixture mode background 
model, and used SURF feature matching algorithm to 
suppress the ghosts.  Jie et al.[23] presented a technique 
based on PCA and the Gaussian mixture model to 
segment color image of diseased wheat.  This method 
sorted the image blocks according to the color feature, 
used Gaussian mixture model to calculate the new pixel 
sets formed by picked image blocks according to the 
sequence, and classified each pixel to the obtained 
Gaussian model to achieve the image segmentation of 
diseased leaves of wheat.  Liu et al.[24] put forward a 
dynamic background modeling method that using penalty 
factors in the Gaussian mixture model, which used the 
local update strategy to reduce the model complexity and 
to solve the problem of foreground ablation, and used the 
binary classification algorithm based on color deviation 
and brightness deviation to avoid the influence of object 
shadow area.  However, Gaussian mixture mode[25] has 
the following drawbacks: (1) The number of Gaussian 
distributions corresponding to each pixel in each frame 
remains fixed.  In the real Gaussian background 
modeling scene, the changes of state corresponding to 
each scene in different area are different.  As the scene 
changes, the number of states of the same area will 
change.  If every pixel has the same number of models, 
the low efficiency of the algorithm can cause a lot of 
waste of resource, and it is difficult to achieve real-time 
monitoring.  (2) The fixed learning rate is adopted in the 
model.  When the learning rate and the scene speed do 
not match, the detection result will appear misjudgment 
points and ghosts.  Stauffer and Grimson[26] established 
an adaptive mixture Gaussian background model to 
update the model based on the online estimation.  This 
could effectively solve the noise caused by external 
interference such as illumination changes and disordered 
background.  Chen and Ellis[27] presented an algorithm 
based on a self-adaptive Gaussian mixture to model the 

background of a scene imaged by a static video camera, 
the model used a dynamic learning rate with adaptation to 
global illumination to cope with sudden variations of 
scene illumination.  Ren et al.[28] introduced an adaptive 
learning algorithm for moving target detection based on 
Gaussian mixture model, the model of learning process 
was divided into two stages of initial formation and 
background maintenance updates, and adopted different 
learning strategies in different stage.  Compared with 
other non-adaptive methods[29], the Gaussian mixture 
mode does not need manual intervention in the 
initialization process, the background calculation error 
accumulation is small, and the background changes have 
a good adaptability.  In order to increase the modeling 
convergence speed, this paper presents an improved 
algorithm using adaptive method to adjust the number of 
Gaussian distribution models, and using the adaptive 
learning rate to eliminate or reduce misjudgment points 
and ghosts. 

2  Gaussian mixture model 

The principle of Gaussian mixture model (GMM) 
states that due to the influence of environmental factors, 
the gray value of each pixel in the video image will 
change with the environment.  It is generally observed 
that the background pixel gray values are consistent to the 
Gaussian distribution.  This can be simulated by 
weighted sums of multiple Gaussian distributions.  The 
Gaussian mixture model can be used to describe the 
change in the background of the video image.  The 
change of the foreground object is random and generally 
does not obey the Gaussian distribution[26].  Based on 
this idea, if the pixel point satisfies the obtained Gaussian 
distribution model, it could be determined as the 
background, and vice versa. 
   Use η(Xt, μ, Σ) to represent the probability density 
function of Gaussian distribution, in which μ is the mean, 
Xt is the current pixel value at time t, Σ is the covariance 
matrix.  The video sequence of particular pixel can be 
viewed as a time series. {X1, X2…, Xt}= {I(x0, y0, i):1≤i≤t} 
is used to describe the number of Gaussian distributions 
of each color point, respectively, as shown in Equation 
(1): 
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where, the subscript t represents the time; K is the number 
of Gaussian distributions functions; μi,t is the 
mathematical expectation (mean) of the ith Gaussian 
model; n is the number of dimensions (usually referred to 
as the gray level information of the pixel) of the observed 
pixel vector Xt.  To simplify the computation, it is 
assumed that the covariance matrix as Equation (2): 

2
,K t K IσΣ =                 (2) 

where, I is the matrix unit; σK is the standard deviation of 
the GMM distribution. 

The probability of the current pixel value Xt can be 
calculated using Equation (3): 

1 , , ,( ) ( | , )K
t i i t t i t i tP X Xω η μ σ== Σ ×        (3) 

where, ωi,t is the weight of the model i in the Gaussian 
mixture model at time t. 

New pixel Xt in a video frame is matched with the 
existing Gaussian model distribution.  If the gray value 
of the current pixel is close to the mean of a distribution, 
the pixel is considered to match the distribution, 
satisfying Equation (4): 

, 1 , 1| |t i t i tX THμ σ− −− <              (4) 

where, TH is the threshold, generally set as 2.5; if the 
Gaussian distribution meet above conditions, the 
parameters are updated as Equations (5)-(8): 

, , 1 , 1(1 )i t i i t i i tMω α ω α− −= − +           (5) 
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where, α is the model learning rate, generally determined 
by the experiment, 0≤α≤1; β is the parameter learning rate; 
Mi,t–1 is a binary value equal to 1 if the current pixel Xt 
matched a distribution and 0 otherwise.  If the current 
pixel does not match a similar Gaussian distribution, a 
new Gaussian distribution is added to the background 
model to replace the Gaussian distribution with the lowest 
priority.  The new Gaussian distribution will use a larger 
variance and a smaller initialized weight. 

K Gaussian distributions of each pixel are ranked 
from the highest to the lowest by the ratio of ρ=ωi /σk, and 
the models which are most likely to be the background of 
model is ranked at the forefront.  The distributions 
caused by the unstable perturbation are at the bottom of 
the sequence, and will be eventually replaced by new 
Gaussian distributions.  Select the former B Gaussian 
distributions from K Gaussian distributions as the 
background model using Equation (9): 

,
1
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n

i K
k

B n Tω
=

= Σ >            (9) 

where, T is the background threshold, generally set T = 
0.7; the best distribution to describe the background will 
be selected by setting the value of T. 

3  Improved algorithm 

3.1  Improved Gaussian mixture model 
To meet the requirements of individual pig detection 

in this research by improving the Gaussian mixture 
background model.  With the change of time, the 
weights of the Gaussian distributions which match in the 
Gaussian mixture model become higher.  After the 
normalization, the weights of the Gaussian distributions 
which do not match become less, and the distributions 
with higher weights-variance ratios are used to describe 
the background distribution, the distributions with lower 
ratio describes the foreground distribution.  When the 
weight ωi

j,t of a Gaussian distribution is less than the 
initial value of ω0, and the ωi

j,t/σi
j,t of the Gaussian 

component is smaller than the initial value of ω0/σ0, the 
Gaussian distribution will be ranked after the new 
initialized Gaussian distribution.  Continuing to hold this 
Gaussian distribution will make it possible to spend 
longer time learning the scene because when the scene 
corresponding to this Gaussian distribution shows up, this 
Gaussian distribution will be used to learn instead of a 
new Gaussian component.  Redundant Gaussian 
components like this will affect the learning convergence 
rate of the model, and consume system computational 
resources.  Through deleting the redundant Gaussian 
distributions after the updating and learning process of 
background model which each video frame handles this 
operation, the selection of the numbers of new adaptive 
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Gaussian distributions will be improved.  Considering 
the actual computational efficiency, this research adopted 
scanning Gaussian distribution every m frames to detect 
the weights of every Gaussian distributions.  If a 
Gaussian distribution satisfies Equation (10), the 
Gaussian distribution is determined to be a redundant 
Gaussian distribution, and deleted it. 

, 0 0 0 , ,( < )&&( / ) ( / )i i i
j t j t j tw w w wσ σ<       (10) 

In the Gaussian mixture model, if the learning rate α 
is too small, the background update speed will slow down, 
and the phenomenon of a large number of false positives 
will appear in the test results; if α is too large, the model 
updates too fast, the target will easily integrate into the 
background, resulting in misjudgment points[28].  In 
order to accelerate the elimination of misjudgment points 
and ghosts, this paper proposes an adaptive learning rate 
strategy: with setting a threshold value of the frame 
number T0, different learning rates are adopted in 
updating for the frames before T0 and it is kept 
non-variant after frames T0, as shown in Equation (11): 
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A higher learning rate might be used in the initial 
model to accelerate the updating speed to eliminate or 
reduce the ghosts; the background model will become 
stable as the time goes and a smaller learning rate will be 
used. 

The updating mechanism of Gaussian mixture model 
can better deal with the slow background changes, but it 
is sensitive to the sudden changes such as illumination 
mutations.  The sudden illumination mutations are 
shown as the changes of overall gray value, that is, the 
changes of difference between the current frame and the 
obtained average background gray value.  When the 
difference is greater than a certain threshold, the 
parameters in the Gaussian distribution with the largest 
weight in all pixels of the whole image are replaced.  μ0 
(the mean of the GMM distribution) will be replaced by 
the image pixel value of current frame, ω0 (the weight of 
the GMM distribution)is set a larger value to ensure that 
the new distribution becomes stable background 

distribution, considering the indoor pigs as the research 
objects, the light does not change drastically.  In this 
study, σ0 (the standard deviation of the GMM distribution) 
was set 20. 
3.2  Algorithm description 

The actual steps based on the improved Gaussian 
mixture model algorithm are as follows: 

Step 1: Calculate the current learning rate, and 
establish a Gaussian mixture model for the initial video 
frame. 

Step 2: Determine whether the new background 
matches the existing model.  If it matches, then update 
the weights, mean and standard deviation values.  If it 
does not match then add a new background model. 

Step 3: Scan the Gauss distribution every 100 frames 
to detect weights of all Gaussian distributions.  If a 
Gaussian distribution satisfies Equation (10) then 
determine that this Gaussian distribution is the redundant 
Gaussian distribution, and discard it. 

Step 4: Normalize the weights of every Gaussian 
distribution and calculate the priority of Gaussian 
distribution and sort in descending order. 

Step 5: Determine whether the current pixel matches 
the existing Gaussian distribution.  If matches, then 
determine this pixel belongs to the background and 
foreground otherwise. 

4  Results and discussion 

4.1  Experimental results and algorithm efficiency 
analysis 

In order to verify the effectiveness of the algorithm, 
this research used the VS2010 platform (opencv2.3.1) in 
Windows7 operating system, and compared the Gaussian 
mixture model and the new approach (Figure 1).  The 
experimental results showed that the improved algorithm 
was more real-time.  The processing time of Gaussian 
mixture model for each frame was 3.21 s, while the new 
approach used only 0.48 s.   

The comparison results are depicted in Figure 1. It 
can be seen that the target pig detection results with 
Gaussian mixture model had misjudgment points and 
ghosts.  Because the Gaussian mixture model did not 
consider the velocity changes of the moving targets, and 
generally the learning rate was fixed as 0.005.  When the 
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learning rate (the background updating speed) and the 
actual scene switching speed did not match in the process 
of detection, the test results appear misjudgment points 

and ghosts.  New approach could evidently enhance 
noise resistance, and extract the complete pigs’ contours 
and eliminate or reduce misjudgment points and ghosts. 

 

  

  
The original video frame Gaussian mixture mode  New approach 

Figure 1  Pig detection 
 

4.2  Adaptive learning rate 
The improved algorithm used the learning rate of the 

adaptive selection strategy (Equation (11)) to update the 
background, where T0 is the threshold of the initial video 
frame.  When initial frame is less than T0, then the 
background is being developed, a higher learning rate is 
needed to accelerate background modeling; When the 
background is developed, (the number of current video 
frames is larger than T0) the variance is in the convergent 
state then the learning rate should be less than the initial 
learning rate of the background to maintain stability, the 
background updating speed and the actual scene speed is 
comparable to eliminate or reduce misjudgment points 
and ghosts. 

Figure 2 is the relationship between video frames and 
learning rate.  Based on the numerous experiments and 
combining the pig detection characteristics, in this paper, 
T0=100 was selected, that is, set the frames before T0 

frame as the background of the initial model building stage, 
and use a higher degradation learning rate to speed up 
building the background model. The adaptive adjustments 
of learning rates are realized according to the actual 
situation of the scene.  When the background model is 
complete after T0 frame, the variance remained stable 
with a fixed learning rate α=0.005 (T0=100) in order to 
maintain a stable background and reduce noise interference. 

Figure 3 is the detection results of different learning 
rate.  When T0=50, the statistical gray value is few, the 
initial background models can not form a stable 
distribution, and the following background models are 
difficult to achieve stable distributions; T0=150, the 
following learning rate is too small to guarantee that the 
initial learning rate matches scene depth, misjudgment 
points and ghosts appeared in the image detection results.  
Considering the real-time feature and experimental 
performance, this paper chooses T0=100. 

 
a. T0=50 b. T0=100 c. T0=150 

Figure 2  Relationship between video frame and learning rate 
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a. T0=50 b. T0=100 c. T0=150 

 

Figure 3  Detection results of different learning rate 
 

4.3  Delete the redundant Gaussian distributions  
The improved algorithm scans Gaussian distributions 

every m frame to detect the weights of every Gaussian 
distributions.  If a Gaussian distribution satisfies the 
Equation (10), it will be determined that the Gaussian 

distribution is a redundant Gaussian distribution, and it 
will be discarded to improve the real-time attribute of the 
algorithm.  m is set to 30, 60, 80, 100, 150 and 200,  
respectively and the test results are shown below.  The 
comparison the detection results are depicted in Figure 4. 

 

   
a. m =30 b. m =60 c. m =80 

 

   
d. m =100 e. m =150 f. m =200 

 

Figure 4  Detection results of different thresholds 
 

For the threshold of frame number m, when the value 

of m is small, and the running speed is slow, then the 

extraction is more precise and the detection is robust.  If 

the value of the threshold m is large and the running 

speed is fast, there will be many noise points and the 

detection results will be unstable.  The comparison 

results are depicted in Figures 5 and 6.   

Considering the real-time performance of algorithm 

and detection results, this paper chooses m = 100. 
 

Figure 5  Comparison chart of different frame thresholds within 
the same time 



192   September, 2017            Int J Agric & Biol Eng      Open Access at https://www.ijabe.org             Vol. 10 No.5 

 
Figure 6  Comparison chart of detection performance of different 

frame thresholds 

5  Conclusions 

An improved self-adaptive Gaussian mixture model 
algorithm was proposed to overcome the drawbacks of 
Gaussian mixture model algorithm: in order to improve 
the real-time performance of algorithm, scan the Gaussian 
distributions with every certain number of frames, and 
delete the redundant Gaussian distributions, to improve 
the timeliness of algorithm.  At the same time, different 
learning rates were used before and after frame number 
threshold to eliminate or reduce misjudgment points and 
ghosts, and improve the detecting accuracy of moving 
targets.  The test results showed that the proposed 
method can effectively remove noise, reduce external 
interference, and improve the noise resistance 
performance. 
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