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Exposure Time Control of Vehicle-Mounted Camera Using Deep Neural Network in High
Contrast Scenes: Improvement of Object Detection Performance at Highway Tunnel Exits

Hikaru FUKUSHIMA® and Isamu TAKAI

Toyota Central R&D Labs., Inc., 41-1 Yokomichi, Nagakute-shi, Aichi, 480-1192

For more advanced autonomous driving systems in next generation, this paper introduces a scene-
adaptive exposure time control method for visible light cameras using a deep neural network (DNN)
controller. Images captured on actual roads frequently contain overexposed areas that make object
detection impossible. The proposed DNN controller understands current scenes from captured images
and provides the camera with an appropriate exposure time to enable object detection. A designed
lightweight DNN controller prototype predicts the next exposure time in 2.4 ms from the current
exposure time and image. Object detection performance was evaluated at actual tunnel exits, as one of the
most difficult types of scenes. Due to the scene-adaptive exposure by the DNN controller significantly
reducing overexposed areas without losing vehicles in a tunnel, the number of detected objects with the
proposed method was increased by more than 80% compared with the conventional method.

Key words: autonomous driving (AD), vehicle-mounted (in-car or on-board) camera, exposure time
control, deep neural network, object detection, high contrast scenes
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Fig. 1 Overview of autonomous driving (AD) system
using proposed method.
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Fig. 2 Block diagram of collecting training data.
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Fig. 3 Method for generating correct labels.
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Fig. 4 Structure of deep neural network (DNN) controller.
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Fig. 5 Block diagram of in-vehicle test system.
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Fig. 6 Exposure time control results for each
control method. PM: proposed method, CM-A:
conventional method A, CM-B: conventional
method B.
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Fig. 7 Examples of images obtained by each control method. (a) Conventional method A, (b) proposed method.
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Fig. 9 Examples of object detection by each control method. (a) Conventional method A, (b) proposed method.
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Fig. 10 Examples of object detection by each control method. (a) Conventional method B, (b) proposed method.
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Fig. 11 Number of objects detected by proposed method
(PM) and conventional method A (CM-A). IoU: Intersection
over Union.
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Fig. 12 Number of objects detected by proposed method
(PM) and conventional method B (CM-B). IoU: Intersection
over Union.
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Table 1 Total number of objects detected by proposed method
(PM) and conventional method A (CM-A). IoU: Intersection over
Union.

IoU CM-A PM PM/CM-A
0.25 1361 3261 240%
0.5 1267 3129 247%
0.75 979 2764 282%

Table 2 Total number of objects detected by proposed method
(PM) and conventional method B (CM-B). IoU: Intersection over
Union.

IoU CM-B PM PM/CM-B

0.25 2349 4341 185%
0.5 2255 4261 189%

0.75 1872 3787 202%
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