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Architecture Search for Distant Object Detection

Tsubasa Hirakawa
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Object detection is an important task in autonomous driving. Especially, detecting not only near but also distant objects in a driving scene is

crucial for safety driving and further development of autonomous driving applications such as traffic light recognition and path predictions of

pedestrians. While deep learning-based object detection methods now becomes a common approach, the architecture of these methods are

manually designed and developed. In this paper, we propose a method to find an optimal network architecture for distant object detections. Our

method is based on a neural architecture search (NAS), and the method searches an optimal architecture during training automatically. The

experimental results with onboard vehicle camera image dataset for pedestrian detection show that our found optimal network architecture

successfully detect distant objects.
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Fig. 1 The overview of the proposed network architecture
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Fig. 2 The detailed network architecture of MnasNet-Al.
“DWConv” indicates a depth-wise convolution, and “BN” indicates
a batch normalization, “SE” indicates a squeeze-and-excitation

module.
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Table 1 Search range of hyperparameters

Parameter Min. value  Max value
Learning rate 0.002 0.005
Weight decay 1077 1074
Image size 500x 833 800x 1333
# of channels of FPN 128 256

# of training steps 160,000 520,000
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Table 2 Average precisions on Cityscapes and BDD100K datasets

Average Precision
Dataset person car bike traffic light  all (mAP)
Cityscapes (small) 0.087 0.211  0.027 0.289 0.153
Cityscapes (medium) 0.186 0.346  0.107 0.300 0.235
Cityscapes (large) 0.759 0.862  0.612 0.662 0.724
Cityscapes (all) 0.647 0.805  0.535 0.526 0.628
BDDI100K (small) 0.276 0.510 0.127 0.614 0.382
BDD100K (medium) 0.356 0.463  0.157 0.468 0.361
BDD100K (large) 0.780 0.909  0.641 0.642 0.743
BDD100K (all) 0.693 0.841 0.552 0.730 0.704
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Fig. 3 Detection results on Cityscapes dataset
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Fig. 4 Detection results on BDD100K dataset

Table 3 Obtained hyperparameters

Parameter Value
Learning rate 0.003
Weight decay 1.026
Image size 800x 1333
# of channels of FPN 256

# of training steps 440,000
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