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Abstract: Smoking in driving not only reduces the accuracy of driving operation, but also leads to insufficient oxygen and
higher possibility of traffic accident. Therefore, considering the safety of life and avoiding accidents as far as possible, a detection
model based on deep learning which can quickly detect smoking driving behavior is designed. In this model, convolutional
neural network is used to process the input frames of the video stream captured by the camera. After the shape feature extraction,
fuzzy feature processing, motion feature detection and color feature region comparison, the smoking driving behavior can be
judged. Through the design of a series of computer vision detection modules, not only can reduce the calculation of the model,
but also improve the efficiency of deduction, so as to meet the performance requirements of real-time monitoring. In order to
quickly find out the driver smoking behavior and trigger warning, so as to avoid unnecessary traffic accidents and ensure life

safety.
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1. Introduction

With the continuous leap of science and technology,
smoking detection technology is also constantly improved,
detection algorithm is also greatly improved. The most
traditional smoking detection method is smoke sensor, or
wear physical equipment for detection, but this detection
method has two defects. First, when the driver opens the
window, certain smoke concentration will be diluted, and the
sensor precision is not enough to detect it. Second, the
detection equipment needs to be worn by everyone, which is
not advisable from the perspective of cost and convenience.
Another detection method is to make behavioral judgment by
matching body movements with smoking movements. This
method supports vector machine and other machine learning
methods to judge the matching degree between smoking
movements and body movements, so the accuracy of this
detection method is relatively low.

In addition to the physical method, there are traditional
graphics in the target detection method to detect smoking, this
method mainly carries out three parts: first set the step size
and size of the sliding window, and then set the window in
each position of the image for sliding. The characteristic
information of smoking or smoke is extracted by using the
direction gradient histogram method. Finally, the algorithm is
used to classify and test the set window. After verification and
comparison, the score with the highest test score is taken as
the final test result. Due to the complexity of its classification
algorithm, it requires a large amount of computation for each
classification, and it is easy to be interfered by external
substances, so it is not accurate in action positioning and not
public in practical application.

In this paper, a lightweight smoking detection model is
designed by referring to the high-performance smoke
detection algorithm. The accuracy of the detection is
improved by extracting the feature image vector from
different angles at multiple levels, processing the fuzzy
degree of graphics, color detection and action inspection. The
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convolution kernel parameters of the model are reduced, so as
to reduce the calculation amount of the model, and finally
speed up the calculation speed and efficiency of the model to
meet the real-time requirements.

2. Basic Detection Process and
Extraction of Smoking
Characteristics

2.1. Smoke shape feature detection

Smoke is an obvious feature to identify whether a driver
smokes or not. It can be seen from the area of smoke diffusion
in the air, the irregular shape of smoke, the continuity of
smoke, ambiguity and other related properties, which better
reflect the basic characteristics of smoke.

Due to the interference of external factors, smoke
molecules will change irregularly in the process of air
diffusion, and the edge contour of smoke is an irregular fuzzy
shape which changes irregularly in real time. When it is
verified that two two-dimensional figures with the same area,
the circumference of the figure with irregular edge contour is
obviously larger than that of the figure with regular edge
contour. The relationship between contour and area can be
analyzed according to the feature of circumference
comparison when the area is the same, as shown in the figure
1 below:

Figure 1. Contour and area contrast diagram

Furthermore, through the relationship between the area in
the edge contour of the target region and the edge perimeter,
the complexity of the contour of the target region and the
irregularity of the smoke can be quantified, and the
complexity of the edge contour of the smoke can be obtained:



Permeter = a X AreaP

(1

2.2. Detection of smoke diffusion
characteristics

Diffusion is one of the most obvious features of smoke. It
is detected by video sequence that the contour area of smoke
in the air edge goes from zero to irregular and constantly
enlarges. Conventional objects do not have diffusivity in the
process of movement, such as driving cars, running cheetahs,
etc., and their common characteristics are small or even
unchanged in area during movement. Therefore, a large
number of disturbing objects can be eliminated through
smoke diffusivity. The growth rate of the target area can be
expressed as:

dp _

dt k

S, = Piyg— Pi ©)

It is known that the growth rate of smoke area will not
exceed a range. Select the diffusion to threshold values P1 and
P2 to interpret whether the diffusion degree is between P1 and
P2. If it is within the diffusion threshold range, it is the target
region, otherwise it belongs to the interference region.

2.3. Detection of smoke color characteristics

The general color of smoke is gray and white, but when the
combustible material burning large flame or combustion is
insufficient, it will make the smoke from the original gray and
white to gray and black. In addition, the gray and white smoke
will appear partly translucent color and other color
interference factors, so the difficulty of detection is far greater
than the gray and black. It is not ideal to use the traditional
single color detection model for block processing. The mixed
color model based on RGB, HSV and HIS is used to segment
the smoke region, and the color saturation, color brightness
and color region difference of the pixels in the smoke image
are used to achieve the purpose of recognition.

The first is the almost RGB color model. Since the smoke
color is grey and white, there is little difference between the
three values in the RGB space of the smoke color. The
difference threshold between the maximum and minimum
values in the mean range of the RGB component values can
be used as the criterion. Therefore, in RGB color space,
smoke color meets:

IMax(R,G,B) — Min(R,G,B)| < M, 3)

M, < Avg(R,G,B) < M, 4

The second is based on the HSV color model. Due to the
different shades of smoke color, the degree of diffuse
reflection in the HSV features is different. The brightness V
of the HSV space of smoke color gradually declines from
inside to outside. Moreover, it is the influence of temperature.
Most smoke colors are light blue when they are low, so H
changes in the blue area. Therefore, smoke color can be
judged according to the threshold range between brightness V
and hue H in HSV. In the space of smoke color HSV, this
formula should be satisfied:

Hsmoke € [H1: HZ]: (5)
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Ssmoke € [51132 ]' (6)

Vsmoke € [VDVZ ] (7)

Third, based on HIS color model, it is known that smoke
color has semi-transparency. Therefore, the color saturation is
higher in the area with high smoke concentration, and the
color saturation is lower in the area with low concentration at
the edge of smoke. When the concentration of smoke changes
from thick to thin, its saturation should be high to low. And
the threshold value of smoke saturation changes between
saturation S and saturation I, which is also the basis for
judging the color of smoke. In HIS color space, smoke
satisfies this formula:

Ssmoke € [51'52 ]' (8)

©

Finally, the smoke regions divided by RGB, HSV and HIS
are binarized respectively, and then the binarized graphics are
operated logically to segment and detect the smoke in the
video.

Ismoke € [11; 12]

3. Smoke Detection algorithm

3.1. Video frame conversion

According to the resolution, each frame in the smoke video
image is preprocessed respectively from the model
conversion of the smoke color, the filter color of the image,
the gray degree of the image, the external illumination factor
and the reduction of noise, so that the difference of the
processing method can be determined by comparing the color
of the smoke. This improves algorithm performance and
reduces false positives. The algorithm also includes motion
detection and frame conversion to binary, reducing unwanted
brightness factors and preparing for subsequent smoke
recognition.

3.2. Motion detection and color conversion

Motion detection is carried out on the preprocessed smoke
image, the steps of extracting the target of each frame are
extracted, each frame detected is stored as the background,
and the difference between the sequential frames is found.
The use of subtraction between sequence frames using
specific steps increases processing speed and reduces
processing time, thus facilitating the detection of differences
between frames and determining the final goal of each frame.
The tracking mechanism for each object to determine the
coordinates to store is labeled:

dl,i+1 = abS(CI(x'y’ Tl) - Ci>1(x'y! Tl)) (10)

C represents image sequence number, n represents frame
number, where d>t is taken as extraction object, when d>t, i
=i+l.

In the extraction algorithm, when each object tests the
frame, the frame will be converted to HSV color space, so as
to determine the value from all objects in the frame. The V
value can be obtained from the following formula:

V = max(r(x,y), g(,j), b(i,j)) (11)



3.3. Standard deviation value for smoke
detection

After the target is extracted, the smoke is individually
examined, and it varies in brightness and color over a range
of ranges, from a clear grayish white to a grayish blue. In the
analysis of smoke intensity region, the smoke color condition
value of RGB color space is determined by

Rta=Gta=B ta (12)

Get, indicating that the three components (RGB) of the
smoke pixel are equal.

In order to determine the color attribute of the target region,
the tracking technology is used to locate and store the
coordinates of each object, and the standard deviation of each
component (R,G,B) is used in formula (13) to measure the
approximation between each value. Formula (14) can also be
used to calculate the maximum (std) value of the color
component (R,G,B) for threshold based testing so that colored
smoke targets are identified.

std(e) = |52 - 20)

Where, X represents the vector, i represents the RGB
component, represents the mean value, and obtains the
maximum standard deviation of the RGB component.

(13)

Std e = max(std(r),std(g), std(b)) (14)

Where, when the standard deviation is very small, the target
represents the smoke property. The threshold is applied when
the following conditions are met, and the target represents an
area of interest that contains grayscale and non-grayscale
gradients of the smoke.

fearturel:if Stdg, <
th then the object is significant regeion (15)

3.4. Smoke transparency was measured by
Beaulieu transform

Beaulieux algorithm is often used for data analysis,
because it decomposes the signal into sinusoidal components
of different frequencies, it is known as an effective algorithm.
It is mainly used in the fields of image processing and signal
processing, and its applications range from frequency analysis,
filtering and convolution to power spectrum and estimation.

As shown in Figure 1 and 2, it can be noticed that some
colors in the smoke image have transparency. This algorithm
uses formula (16) to convert the maximum value of each
component of RGB to calculate transparency. In order to
improve the accuracy of smoke transparency detection,
Beauliffe transform is used to detect transparency according
to formula (17) and (18) :

I = max(r, g,b) (16)
Ip = FFT(I) an
p(p) = Xi-inj/k (18)

Where nj is the frequency, j = 1,2... k, where k is the
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frequency number, two object features can be used to identify
object transparency, the first is the value of the maximum
peak value of the histogram, and the second is the change
value between figure 2.

Figure 2. The offset value of the image

4. Experimental Results and Analysis

4.1. Experimental Results

MATLAB is used to test the selected video. There are three
important steps in video analysis, which are detection of
smoke moving target, frame tracking and target trajectory
analysis to identify target behavior. Calculated at 25 frames
per second, the video is normalized to 320 pixels by 240
pixels, and the smoke object is displayed in a green border.

video(1)

g

video(6)

video(5)

\

video(7)
Figure 3. Smoke detection chart

video(8)

The smoke detection status is shown in Table 1:

Table 1. Smoke detection status

Video serial number Smoke condition Description
video(1) N Moving man
video(2) Y Only smoke
video(3) Y Only smoke
video(4) Y Only smoke
video(5) Y Only smoke
video(6) N Moving car
video(7) Y Only smoke
video(8) Y Smoke man




4.2. Experimental analysis

In this experiment, a smoke detection method based on
frame motion was improved by early smoke analysis. The
background and different modeling methods are used to
detect the moving target of each frame, and the moving image
is converted into binary mode to remove unnecessary
brightness pixels. Two features of smoke detection, gray
feature and transparency feature, were used to detect
transparent smoke by Boli leaf, and the mean and standard
deviation were calculated to detect gray smoke. The method
in this paper was tested on multiple videos, and the accuracy
reached more than 90%, as shown in Table 2 :

Table 2. characteristics of video frame number conversion times

Video serial number | Framework | Cigarette Smoke
Video(1) 630 615 15
Video(2) 1853 1378 457
Video(3) 552 156 396
Video(4) 168 0 0
Video(5) 629 629 1
Video(6) 356 0 0
Video(7) 1168 1168 1
Video(8) 614 614 1

5. Conclusion

According to the actual application scenario of smoking
driving behavior, this paper proposes a smoking driving
detection model based on depth science which can quickly
detect smoke and give warning. The model has a good
detection effect on the transparency and regional
segmentation of smoke. On the one hand, solve the problem
from the real-time model, and carry on the multi-dimensional
analysis and optimization of the extracted target detection
image features, which not only reduces the calculation
amount of the model, but also speeds up the computational
speed and accuracy of the recursive model. On the other hand,
from the outdoor smoke detection, especially transparent
smoke using Bolye algorithm, improve the detection ability
and accuracy; At the same time, target tracking and edge
method are used to improve the accuracy of target location.
Finally, context information is used to reduce the false
detection rate of target objects. In this paper, the model
proposed by self-made training text verifies that the model
has a good detection effect. Due to the diversity of data sets,
itis not ideal in practical application. In the future, the training
will be further enhanced to reduce errors and improve the
detection effect of the model in actual industry.
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