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Abstract1
Background/Objectives: In this study, we intend to extract a characteristic study of the raining situation
based on the GMM (Gaussian mix model) within the raining image and perform the raining phenomenon in
real time. Methods/Statistical analysis: Since the Gaussian Mixture Model is a good model for expressing
natural phenomena, the Gaussian Mixture Model was used in many fields. In this study, an OpenCV library
provided by a Python program was used to analyze rain video using CV2 library. Findings: A test video image
object was created, and the frame size was set to create a gray scale image and an image for accumulating
color frames. A video frame was acquired, and an average image was calculated using the accumulated
images for color image frames and gray scale images, and displayed in a window. An error rate occurs during
the initial image analysis, but the accuracy increases over time. By analyzing the raining image, the motion of
the rain was detected using the findObjectAndDraw() function to remove the noise. In the image of the
detected rain, it was marked with a red bounding rectangle to confirm the rain. Improvements/Application
s: In this study, a Gaussian mixture model was used, but the K-NN model was applied to make a more
accurate analysis through comparison between various models.
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B. Mixed model background
1. Supervised Learning
Supervised Learning consists of a pair of variables
{x, ω} consisting of a feature vector (x) and a class
to which the observed value belongs (ω). Learning is
called Supervised Learning, a teacher, a supervisor,
and a feature vector and an accurate answer.

I. INTRODUCTION
With the development of the modern information
society, the desire to monitor the environment is
increasing. Various environmental monitoring
technologies are being developed to meet these needs.
To prove the difference between pixels, modeling
of the Gaussian mixture model (GMM) has been
proven to be the most effective method for
monitoring remote locations [1]. The Gaussian
mixture model (GMM) has the advantage of having a
simple structure and being able to effectively model
the characteristics in an image even with a small
amount of image [2-3].
In this study, we tried to study the raining
phenomenon in real time by extracting characteristic
parameters for the raining situation based on GMM
(Gaussian mixture model) from the raining image.

2. Unsupervised Learning
Class label (ω) is not given and feature vector
x=(x1, x2,... When a data set consisting of only, xN}
is given, it is called non-teacher, unsupervised, and
unsupervised learning because the correct answer is
not provided.
Two approaches of Unsupervised Learning are
Parametric mixed model method using mixed model
and Non-Parametric method. “Fig.1” is a graph of
Gaussian Mixture Model, a representative method of
Parametric method among the approaches of
unsupervised learning [7-9].

II. THEORETICAL BACKGROUND
1.

A. GMM(Gaussian mixture model)
THE MIXED MODEL IS A PROBABILISTIC MODEL FOR

Parametric mixed model method

INDICATING THE EXISTENCE OF SUBGROUPS WITHIN
THE WHOLE GROUP IN STATISTICS. MORE FORMALLY,
IT CORRESPONDS TO A MIXED DISTRIBUTION
REPRESENTING THE PROBABILITY DISTRIBUTION OF
THE ENTIRE POPULATION.
PROBLEMS ARE RELATED

MIXED DISTRIBUTION
TO

OBTAINING

THE

CHARACTERISTICS OF THE WHOLE GROUP FROM THE
SUBGROUPS, WHEREAS MIXED MODELS ARE USED TO
MAKE

STATISTICAL

INFERENCES

ABOUT

THE

CHARACTERISTICS OF THE SUBGROUPS GIVEN THE
OBSERVED GROUP [4-5].

IF YOU DEFINE THE COMBINED DISTRIBUTION OF
THE OBSERVED AND LATENT VARIABLES OF THE
MIXED MODEL, THE DISTRIBUTION OF THE OBSERVED

Fig. 1. Gaussian Mixture Model graph, a representative
method of Parametric method among unsupervised
learning approaches

VARIABLES CAN BE MARGINALIZED FOR ALL LATENT
VARIABLES. THE COMPLEX DISTRIBUTION OF THE
OBSERVED VARIABLES CAN BE EXPRESSED MORE
SIMPLY USING LATENT VARIABLES, AND A MIXED
MODEL IS USED TO ESTIMATE THE COMPLEX

The parametric mixing model method is modeled
by mixing several parametric probability density
functions, Gaussian, to model a given probability
density function. Parametric hybrid models aim to
find model parameters.

DISTRIBUTION
BY
ASSUMING
THESE
LATENT
VARIABLES. THIS MIXED MODEL IS USED TO CLUSTER
THE

DATA

[6].

EXPECTATION-MAXIMIZATION

ALGORITHM IS USED FOR MAXIMUM-LIKELIHOODESTIMATION OF A MODEL INCLUDING LATENT

2. Non-Parametric method
The non-parametric method is called clustering
(clustering) by dividing the data into a fixed number
of clusters without making any assumptions about
the given data.

VARIABLES.
THE GAUSSIAN MIXTURE MODEL (GMM) IS
WIDELY
USED
IN
DATA
MINING,
PATTERN
RECOGNITION, MACHINE LEARNING, AND STATISTICAL
ANALYSIS.
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III. RESEARCH ANALYSIS
B. Analysis Tools
In this study, Python and OpenCV programs,
which are effective for image analysis, were used as
shown in “Fig. 4” below to analyze rain conditions.

A. Analysis Method
Since the Gaussian Mixture Model is a good model for
expressing natural phenomena, the Gaussian Mixture
Model was used in many fields.
It can be expressed as the following equation as the sum
of the K Gaussian distributions of functions to be
optimized, and can be expressed as several Gaussian
distributions as shown in “Fig. 2”.

Fig. 4. Python and OpenCV Programming

Python programs are high-level programming
languages, platform-independent, interpreted, objectoriented, and dynamic typing interactive languages.
OpenCV (Open source Computer Vision) is a library
created for the purpose of processing real-time
computer vision and provides a wide variety of
functions such as image, image processing, object
detection, motion detection, and so on.
C. Analysis Library
In this paper, an OpenCV library provided by a
Python program was used to analyze the rain video
using the CV2 library.
It is very important for the CV2 library to divide
the foreground object from the background in order
to divide the image from the video. BackgroundSubtraction is the simplest video image segmentation
method and calculates the pixel difference between
the background image and the current input frame
image. It is important to determine the pixel position
above the threshold value as a pixel with change and
calculate it stably [10].
In this study, Accumulate(), AccumulateSquare(),
AccumulateProduct(),
AccumulateWeighted()
accumulated image functions provided by CV2
library are used as shown in “Table.1”.
The CV2 library can generate a background image
using a cumulative image function, and when
calculating a background image using a moving
average, there are many cases where a moving object
is in the first frame of the video. Since the moving
object may remain in the background, the moving
average is calculated after calculating the
background image with the Accumulate() function
for a certain period of time.
Set the mask image maks(x, y) = 0 of the pixel
whose absolute value of the difference image with
the background image is greater than the threshold

Fig. 2. Multiple Gaussian distributions

The image used in this study is an image of rain on
a fixed background, and is shown in “Fig. 3”.

Fig. 3. Raining video used in this study
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value, and if the absolute value of the difference
image is less than the threshold value, the mask
image maks(x, y) of the pixel ) = 1, and only the
pixels that gradually change smoothly are updated
with the moving average.

torMOG2 class modeled each pixel of the image
with a Gaussian mixture model.
The findObjectAndDraw() function was used to
remove noise and detect contours in binary images
by morphological operation, and to detect objects
larger than the desired size, display the red bounding
rectangle in the image res copied from the src, and
return it.
By applying Gaussian blurring to each frame of
the input image, an object was detected in each
binary projection that divided the moving object in
the foreground from the background, and an image
with a red bounding rectangle was created and
displayed on the window.
In the first part of the video, many false detections
occur. “Fig. 5” and “Fig. 6” are images divided into
binary with Gaussian mixture model, and are the
result of raining by detecting difference images.

Table 1. OPENCV CUMULATIVE IMAGE FUNCTION
PROVIDED BY PYTHON PROGRAMMING
Function
Accumulate(src, dst[, mask])
-> dst

Function details
Image
accumulation

image
AccumulateSquare(src, dst[, mask])
-> dst

accumulation
of squared
images

Image
AccumulateProduct(src1, src2,

accumulation

dst[, mask]) -> dst

of multiply
images

AccumulateWeighted(src, dst,
alpha[, mask]) -> dst

Moving
average
image

The input image src is a real image of 8 bits or 32
bits of 1 or 3 channels. The accumulated image dst
has the same number of channels as src and is a real
image of 32 bits or 64 bits. In the case of 3-channel
video, it is added independently for each channel.
The Accumulate() cumulative image function
accumulates the pixels of the image, and
AccumulateSquare() accumulates the pixels of the
image by squared them. Average and variance
images are calculated with Accumulate() and
AccumulateSquare(). AccumulateWeighted()
calculates the Running Average with dst=(1-alpha) 
dst + alpha  src.

Fig. 5. Gray video of rain

D. Analysis Result
Image pixels were modeled using the statistical
method of the Gaussian mixture model, and the
foreground pixels were segmented from the
background. For the modeling of each pixel, the
OpenCV
library
provided
by
Python,
BackgroundSubtractor and BackgroundSubtractorM
OG2 classes were used, and the BackgroundSubtrac

Fig. 6. Color video of rain
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A test video image object was created, and the
frame size was set to create a gray scale image and
an image for accumulating color frames. A video
frame was acquired, and an average image was
calculated using the accumulated images for color
image frames and gray scale images, and displayed
in a window. An error rate occurs during the initial
image analysis, but the accuracy increases over time.
By analyzing the raining image, the motion of the
rain was detected using the findObjectAndDraw()
function to remove the noise. In the image of the
detected rain, it was marked with a red bounding

In this study, a Gaussian mixture model was used
to confirm the raining condition, but the K-NN
model was applied to make a more accurate analysis
through comparison between various models.
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rectangle to confirm the rain. “Fig. 7” is a result of
monitoring the detection status of rainy images, and
indicates True in case of rain, and the number of
detections is indicated by numbers.

Fig. 7. Detection status of raining video

IV. CONCLUSION AND SUGGESTIONS
An image captured from a remote location was
analyzed using the difference between pixels using
the GMM(Gaussian mixture model) modeling
technique. The Gaussian mixture model has a simple
structure and can effectively model characteristics in
images even with a small amount of images.
In this study, we succeeded in grasping the raining
condition in real time by extracting characteristic
parameters for the raining situation based on GMM
from the raining image. However, as the most
effective method for analysis, not only the Gaussian
mixture model, but also a method of modeling pixels
using a statistical method using K-NN (K-nearest
neigbours), and a method of segmenting the
foreground pixels from the background.
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