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Abstract—This paper proposes a deep learning system that
detects driver behavior for safe driving. A method of detecting
the dangerous behavior of an existing driver uses a method of
deep learning object detection that detects a class and a location
of an object in an image. However, the deep learning object
detection algorithm uses many computational resources, so it
cannot be used in vehicle embedded environments with limited
computational resources. In the case of an object classification
algorithm that classifies a single object in an image, fewer
computational resources are used than that of a deep learning
object detection algorithm. However, it cannot be applied because
various objects in the camera image cannot be classified as a
single object. In the paper, We propose an algorithm that infers
the driver’s behavioral area using the driver’s static movement
in a vehicle and then applies deep learning objects to the inferred
area. The proposed algorithm may be applied to a vehicle
embedded environment because the calculation time is faster and
more accurate than the deep learning object detection algorithm.
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I. INTRODUCTION

The driver monitoring system monitors the driver’s
condition and alerts the driver to prevent accidents. Recently,
deep learning technology has been widely applied to driver
monitoring systems. When detecting the driver’s face [1] and
mobile phone [2] use and smoking [3], a deep learning object
detection algorithm is used. Representative deep learning
object detection algorithms include SSD [4], YOLO [5],
and RCNN [6]. SSD and YOLO are very fast to detect, but
RCNN is very slow. A deep learning object classification
algorithm is used when classifying the driver’s emotions
[7] and the driver’s gaze [8]. Representative lightweight
object classification algorithms include MobileNet [9] and
SqueezeNet [10]. The object detection model generally
uses more operator resources than the object classification
model. In a limited vehicle embedded environment, a
deep learning object detection algorithm that uses many
computational resources causes system instability. Therefore,
it is inappropriate to detect mobile phones and cigarettes
using a deep learning object detection model.

The object classification algorithm’s existing driver
behavior detection algorithm consists of two steps. The first
step detects a face area, and the second step is to enter
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the area of the ear or mouth into the object classification
model [11]. However, this method has a problem in that
behavior cannot be detected when there are no objects around
the mouth and ears. In addition, additional computational
resources are consumed because the driver’s face must be
detected to detect behavior.

Figure 1. Changes in contrast when a driver uses a mobile phone: (a) Previous
frame, (b) current frame, (c) contrast change image

The vehicle interior environment is very different from
the general environment. The general environment is very
dynamic. On the other hand, the environment observed by
the vehicle interior camera is very static. Figure 1 shows the
previous and current frames when driving after setting the
camera frame to 5 FPS. Figure 1(a) is the previous frame, and
figure 1(b) is the current frame using a mobile phone. Figure
1 (c) can be obtained by subtracting Figure 1 (a) and Figure
2(b). Through Figure 1, we confirmed a significant change in
the contrast of the behavioral area when the driver acted in
a static vehicle environment. On the other hand, there is no
movement in the non-behavior area, so the change in contrast
is negligible.

In this paper, we propose an algorithm to detect drivers’
dangerous behaviors by using the change in contrast in the
behavioral area. The proposed algorithm detects the final
behavior through two steps. The first step is to detect the
driver’s behavior area. The second step is to classify the final
driver behavior using a deep learning classification algorithm
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Figure 2. The structure of the driver behavior detection algorithm: (a) inferring the behavior area, (b) classifying the behavior area

in the behavioral area. Through this process, the driver’s
behavior can be detected using only deep learning object
classification without using a deep learning object detection
algorithm.

The rest of the paper consists of the following. The proposed
driver behavior detection algorithm is described in Section II.
The experimental results and analysis are described in Section
III, and the conclusions are summarized in Section IV.

II. BEHAVIOR DETECTION ALGORITHM

Figure 2 is the structure of the proposed algorithm. The
proposed algorithm consists of two steps behavioral area
inference and classification. The first step is to compare the
contrast between the previous and current frames, as shown in
Figure 2(a), to find the active area with the most considerable
contrast. The second step classifies the driver behavior by
inputting the active region of Figure 2(a) into the deep learning
classification algorithm, as shown in Figure 2(b).

A. infer the behavior area

The process of inferring the behavioral area consists of four
steps. In the first step, the previous frame and the current frame
are downsampled to a size of 48 x 36. The second step is to
create an active image, a contrast change image, as shown in
Figure 3. Figures 3(a) and 3(b) are the results of applying a
5 x 5 smoothing filter to the frame. The active image in Figure
3(c) is generated by the difference in contrast values between
Figure 3(a) and Figure 3(b), to which smoothing is applied.
The third step is to downsample the active image to a size
of 8 x 6, as shown in Figure 4. The brightest area in Figure
4 is the area where the driver acted. If the average of the
total contrast values of the active image exceeds 60, the light

change is excessive. The typical environment where there are
many light changes is the tunnel’s entrance and exit. In such
an environment, it is impossible to infer the behavior area.
Therefore, only when the average of the total contrast values
of the active image is less than 50 does it move on to the area
inference step. The final step is to store each sliding value
by sliding window size of 3 x 3 in the downsampled active
image. An area with the most considerable value in the sliding
window becomes an active area. When the sum of pixels in the
extracted active area exceeds 300, it is input to the following
behavioral area classification process.

(a (b) O]

Figure 3. Generating an active image through a difference between a previous
frame and a current frame: (a) previous frame, (b) current frame, (c) active
image

In the process of inference of behavioral areas, downsam-
pling uses area interpolation. Two benefits can be obtained
by downsampling by area interpolation. First, as the image
becomes smaller, the following operation’s calculation time
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can be reduced. Second, to find the behavioral area, the change
in some areas is more important than the change in a specific
pixel.

Figure 4. The result of downsampling the active image to 8 X 6

B. Classification of behavioral areas

To classify behavior, this paper used Squeezenet and a
deep learning classification algorithm [10]. Existing deep
learning classification models focus on increasing accuracy.
However, SqueezeNet is a small classification network with
a small number of parameters. Models with few parame-
ters are suitable for hardware with limited computational
resources, such as vehicle embedded environments. Learn-
ing data were collected to learn the behavior classification
model. Learning data consisting of smoking and cigarettes
were collected 1,000 sheets each. 800 data were used for
learning, and the remaining 200 were used for algorithmic
performance tests. Data amplification used rotation, flip, and
movement. Rotational amplification was applied at +20°
considering the rotation of the driver’s face. Flip amplification
was applied only to the left and right. Movement applied
20% of the image size. Figure 5 is the result of classify-
ing the behavioral area through the classification algorithm.
https://ko.overleaf.com/project/61a713fald603bc1333327dc

IIT. EXPERIMENT RESULTS AND ANALYSIS

To analyze the performance of the behavior position detec-
tor, 100 pairs of general state frames were collected. We also
collected 100 pairs of data on driver behavior. We confirmed
that the behavioral location detector has an accuracy of 90%.
For the performance analysis of the behavior classifier, 200
behavior data were collected. We confirmed that the behavior
classifier has an accuracy of 95%. Finally, We confirmed that
our final overall system has an accuracy of 85%.

To compare the operation speed, the SSD detector and the
proposed algorithm were compared [4]. Computer equipment
and environment are CPU i7-8086, RAM 16GB, Windows,
Keras. The operation speed of SSD is 8FPS, and the proposed
algorithm is 25FPS.

Figure 5. The result of detecting a driver using a mobile phone

The proposed algorithm was more accurate in the environ-
ment where there was no change in the interior contrast caused
by lighting and sunlight. However, the accuracy was low in
an environment where there was much change in vehicle
interior contrast due to lighting and sunlight. The cause of the
performance degradation is the behavioral position detector.
The behavior region detector uses the contrast between the
previous frame and the current frame.// If there is a difference
in contrast due to lighting and sunlight, not the difference in
contrast due to behavior, the proposed algorithm incorrectly
detects the location.

IV. CONCLUSION

In this paper, we propose a behavior detection algorithm
that reduces the computation time by 70% compared to the
deep learning object detection model by using the static
movement of the driver. The proposed algorithm consists of
two steps. The first step is finding the behavior position in the
previous and current frames. The second step is to input the
behavioral location into the classification network to detect the
final driver’s behavior. The accuracy of the proposed behavior
detector is 85%.
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