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Robust Vehicle Occupant Detection based on
RGB-Depth-Thermal Camera
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Abstract: Recently, the safety in vehicle also has become a hot topic as self-driving car is developed.
In passive safety systems such as airbags and seat belts, the system is being changed into an active
system that actively grasps the status and behavior of the passengers including the driver to mitigate
the risk. Furthermore, it is expected that it will be possible to provide customized services such as seat
deformation, air conditioning operation and D.W.D (Distraction While Driving) warning suitable for
the passenger by using occupant information. In this paper, we propose robust vehicle occupant
detection algorithm based on RGB-Depth-Thermal camera for obtaining the passengers information.
The RGB-Depth-Thermal camera sensor system was configured to be robust against various
environment. Also, one of the deep learning algorithms, OpenPose, was used for occupant detection.
This algorithm is advantageous not only for RGB image but also for thermal image even using existing
learned model. The algorithm will be supplemented to acquire high level information such as
passenger attitude detection and face recognition mentioned in the introduction and provide

customized active convenience service.
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[Fig. 1] RGB-Depth-Thermal camera. The black circular (Left)
and deep blue rectangular (Right) camera are the FLIR Boson
Thermal and Intel R200 RGB-Depth camera, respectively"’
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(d) LED-based board"!

(a) Mask-based board'®

(¢) Copper line-based board!"!

[Fig. 2] The comparison of RGB-Thermal camera calibration
boards'”
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[Fig. 3] The registration of left-right image using depth
information, rotation matrix and translation matrix”
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(b) Thermal image

(c) Visualized PAMs with RGB (d) Visualized PAMs with thermal
image image

(e) Visualized PAF of neck and (f) Visualized PAF of neck and
right shoulder with RGB image right shoulder with thermal
image

(g) Visualized joint with RGB (h) Visualized joint with RGB
image image

[Fig. 4] The visualization of PAMs, PAF (case of neck and right
shoulder), and estimated joint
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RGB image

Thermal image

Person Person
key-points key-points

Person Person
bounding boxes bounding boxes

Modified person
bounding box

(a) Person detection in RGB (b) Person detection in thermal
image image

(c) Modified person detection

[Fig. 6] The visualization of person detection. (Cyan dots:
person key-points, Red dots: maximum or minimum points of
(x, y) at person key-points, Yellow boxes: person bounding
boxes, Green boxes: modified person bounding boxes)
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(b) Occupant detection

(a) The ROI for each seat

[Fig. 7] The ROI for each seat and the results of occupant
detection (Red, green, and blue dashed lines: the ROI of each
seat, Blue boxes: non-occupied seat, Magenta boxes: occupied
seats)
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[Table 1] Comparison of mean reprojection error between
Copper line-based board and LED-based board"!

Method RGB images Thermal images
Copper line-based board . .

. 0.73 pixel 0.78 pixel
([Fig 2] () P P
LED-based board

. 0.41 pixel 0.52 pixel
([Fig 2] ) P P

[Fig. 9] RGB-Depth-Thermal camera mounted on rearview
mirror (Left) and collecting RGB-Depth-Thermal image
database in vehicle (Right)
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Successed frames

Detectionrate= —— )
Number of frames

[Table 2] RGB-Depth-Thermal image database in vehicle with various environment

Example of images
Name No. Number of frames
RGB Depth Thermal
1_1 Day Normal 2900
1 2 Day FrontSideBackLight 1550
1 Day
1_3 Day TunnelEntrance 1300
1_4 Day Tunnel 2700
2 1 Rain Normal 2000
2 Rain |2 2 Rain TunnelEntrance 450
2 3 Rain_Tunnel 250
3 Night | 3_1 Night Normal 1800
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[Table 3] The results of occupant detection rate for each seat

Left Center | Right
seat seat seat

1_1_Day Normal 0.978 10.996 |0.970
1 2 Day FrontSideBackLight | 0.875 1.000 | 0.991
1 3 Day TunnelEntrance 0978 ]0.874 ]0.948

No.| Name

1_4 Day Tunnel 0.993 | 0915 |0.993
2 1 Rain Normal 0.957 |0.978 |0.984
2 |2 2 Rain_TunnelEntrance 1.000 | 0.993 1.000
2 3 Rain Tunnel 1.000 | 0.960 1.000
3 | 3_1_Night Normal 0.747 10.999 | 0.995
Average detection rate 0.951 0.958 0.983
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