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Understanding 3D Semantic Scene with Monocular Camera
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One of the essential features that autonomous driving systems and advanced driver assistant systems
should have is an ability of understanding traffic scenes. In this paper, we propose a method to understand
traffic scenes in detail with monocular camera, which can contribute to make sensing systems more useful
and less expensive. We designed and trained Deep Neural Networks (DNNs) for semantic segmentation
and monocular depth estimation to figure out semantic and geometric information of traffic scenes. Data
for learning were gathered with a test vehicle with cameras that covers 360-degree and Velodyne LiDAR.
Images were manually annotated using classes tailored for traffic scenes for semantic segmentation.
Experimental result shows the trained network can accurately classify each pixel and also accurately
estimate depth of the pixel of images in validation data. Global average of semantic segmentation reached
96.4%, while overall accuracy of depth estimation was 88.7%. We also developed a tool using a head
mount display for virtual reality, that enable us to evaluate the result of estimation intuitively, helping us
to check how well the estimation of proposed DNNs is.
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Fig.1 Overview of DNNs for understanding 3D
semantic scene. 2D semantic information and
3D geometric information are inferred by DNNs
and integrated to get 3D semantic structure of
environment
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Proposed DNN for semantic segmentation.
The encoder part has iterative convolution al
layers and pooling layers, while the decoder
part has iterative convolutional layers and
unpooling layers
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Configuration of cameras. All cameras are
placed equiangularly. CamO faces the front of
the test vehicle
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Fig. 4 Result of semantic segmentation. Input
images, manually annotated label maps
(ground truth), and estimated label maps
are shown in the top, middle, and bottom,
respectively in each figure. Each class is
colorized with its pre-defined color, which is
shown in the bottom
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Fig.5 Proposed DNN for monocular depth
estimation. Scalel extracts feature of an input
image. Scale?2 takes the output of the Scalel
together with the input filtered by several
convolutional and pooling layers. Scale3 has a
function of upsampling to make the resolution

of the output higher

DENSO TECHNICAL REVIEW Vol.24 2019

Cam3

B PN

ENE ==

WU, [— P W E——

[ e | e e |

L X 40 M

; 1
Depth jm)

Cam4 Caml Caml Cam2

Fig. 6 Result of depth estimation. Input images,
depth maps measured by Lidar, depth maps
estimated by the proposed network are shown
in the top, middle, and bottom, respectively in
each figure

Table1 Accuracy of depth estimation

Camera Cam3 Cam0 Cam2
Accuracy[ %) 872 87.8 884 87.0 883

Camd Caml
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Fig. 7 3D evaluation tool. (a) and (b) show input
images from five cameras. (c) Result of
semantic segmentation. (d) Result of semantic
segmentation and depth estimation. (e) and
(f) show the same vehicle from the different
points of view
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