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Detection of small and dense traffic signs in self-driving scenarios

GE Yuanyuan', XU Youjiang', ZHAO Shuai’, HAN Yahong'

(1. School of Computer Science and Technology, Tianjin University, Tianjin 300350, China; 2. Data Resource Center, China Auto-
motive Technology and Research Center, Tianjin 300300, China)

Abstract: In self-driving scenarios, the detection and recognition of traffic signs is critical to understanding the driving
environment. The plethora of small traffic signs are hard to detect by the existing object detection technology. To detect
these small traffic signs accurately, we propose the use of the shallow network VGG16 as the R-FCN ’s backbone and
the modification of the VGG16 network. There are mainly two improvements in the VGG16 network. First, we reduce
the multiple zooming of feature maps, remove the feature maps behind the VGG16 network convolution conv4_3, and
use the RPN network to extract the region proposal in the shallow convolution conv4 3 layer. We then concatenate the
feature maps. The features of the layers of the convolutions conv4 1, conv4 2, and conv4 3 are adjoined to form an ag-
gregated feature. The improved object detection framework can detect more small objects. We use a dataset of traffic
signs to test the performance and mAP accuracy.

Keywords: traffic sign; object detection; deep learning; aggregate feature; CNN; feature map; region proposal; self-driv-
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Fig. 1 Small-size object detection architecture based on modified VGG16’s R-FCN
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Fig. 2 Sample images from traffic sign dataset
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Table 1 Results based on different CNN’s R-FCN

i mAPIRIESE)  mAPCIHALE)
ReNet-101+R-FCN 0.497 0.499
ResNet-50+R-FCN 0.514 0.519

VGG16+R-FCN 0.542 0.537
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Table 2 Results based on VGG16’s different-layer R-FCN

Y mAPIRIEAE) mAPOIHASE)
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mAP mAP
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VGG16(conv4 3)+R-FCN 0.639 0.637
VGG16(conv4 1+conv4 2)+R-FCN 0.648 0.642
VGG16(conv4 1+conv4 2)+R-FCN 0.648 0.642
VGG16(conv4 2+conv4 3)+R-FCN 0.640 0.636
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0.650 0.650
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Fig. 4 Comparison between the detection results and the ground truth
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(c)conv4 1. conv4d 2, conv4d 3
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Fig.5 Using different layers and aggregated-layer-detection results

S 3k

[1] Krizhevsky A, Sutskever I, Hinton G E. Imagenet classifica-
tion with deep convolutional neural networks[C]//Proceed-
ings of Advances in Neural Information Processing Sys-
tems. Stateline, NV, USA, 2012: 1097-1105.

[2] SZEGEDY C, LIU Wei, JIA Yangqing, et al. Going deeper
with convolutions[C]//Proceedings of 2015 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Boston,
MA, USA, 2015: 1-9.

[3] CHEN L C, PAPANDREOU G, KOKKINOS 1, et al. Se-
mantic image segmentation with deep convolutional nets
and fully connected CRFs[J]. arXiv:1412.7062, 2015.

[4] YU Gang, YUAN Junsong. Fast action proposals for hu-
man action detection and search[C]//Proceedings of 2015
IEEE Conference on Computer Vision and Pattern Recogni-
tion. Boston, MA, USA, 2015: 1302—-1311.

[STHONG S, YOU T, KWAK S, et al. Online tracking by
learning discriminative saliency map with convolutional
neural network[C]//Proceedings of the 32nd International
Conference on Machine Learning. Lille, France, 2015:
597-606.

[6] WANG Naiyan, YEUNG D Y. Learning a deep compact
image representation for visual tracking[C]//Proceedings of
the 26th International Conference on Neural Information
Processing Systems. Lake Tahoe, USA, 2013: 809-817.

[7] SZEGEDY C, VANHOUCKE V, IOFFE S, et al. Rethink-
ing the inception architecture for computer vision[C]//Pro-
ceedings of 2016 IEEE Conference on Computer Vision and

Pattern Recognition. Las Vegas, NV, USA, 2016: 2818—

2826.

[8] SAHA S, SINGH G, SAPIENZA M, et al. Deep learning for
detecting multiple space-time action tubes in videos[J]. arX-
iv: 1608.01529, 2016.

[9] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich fea-
ture hierarchies for accurate object detection and semantic
segmentation[C]//Proceedings of 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus, OH,
USA, 2014: 580-587.

[I0]UIJLINGS TR R, VAN DE SANDE K E A, GEVERS T,

et al. Selective search for object recognition[J]. Internation-
al journal of computer vision, 2013, 104(2): 154-171.

[11]EVERINGHAM M, VAN GOOL L, WILLIAMS CK I, et
al. The Pascal visual object classes (VOC) challenge[J]. In-
ternational journal of computer vision, 2010, 88(2):
303-338.

[12] HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al. Spa-
tial pyramid pooling in deep convolutional networks for
visual recognition[C]//Proceedings of the 13th European
Conference on Computer Vision. Zurich, Switzerland,
2014: 346-361.

[13] GIRSHICK R. Fast R-CNN[C]//Proceedings of 2015 IEEE
International Conference on Computer Vision. Santiago,
Chile, 2015: 1440-1448.

[14] Ren S, He K, Girshick R, et al. Faster r-cnn: Towards real-
time object detection with region proposal networks[C]//
Proceedings of 2015 Advances in Neural Information Pro-
cessing Systems. Montréal,Canada, 2015: 91-99.

[15]Li Y, He K, Sun J. R-fcn: Object detection via region-



«372 . E T

based fully convolutional networks[C]//Advances in Neur-
al Information Processing Systems. Barcelona, Spain,
2016: 379-387.

[16] REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: unified, real-time object detection[C]//Proceed-
ings of 2016 IEEE Conference on Computer Vision and
Pattern Recognition. Las Vegas, NV, USA, 2016: 779-788.

[17] LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single
shot multibox detector[C]//Proceedings of 14th European
Conference on Computer Vision. Amsterdam, The Nether-
lands, 2016: 21-37.

[18] HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al.
Deep residual learning for image recognition[C]//Proceed-
ings of 2016 IEEE Conference on Computer Vision and
Pattern Recognition. Las Vegas, NV, USA, 2016: 770-778.

[19] SIMONYAN K, ZISSERMAN A. Very deep convolution-
al networks for large-scale image recognition[J]. arXiv:
1409.1556, 2014.

[20] LIU Wei, RABINOVICH A, BERG A C. ParseNet: look-
ing wider to see better[J]. arXiv: 1506.04579, 2015.

2 5 ¥ WM 513 &
M
BhbE, 42, 1991 454, i FsT
A A, FEHFFTTT B ARSI
e
VAR, B, 1992 454 B 5T
A, BB T I AR SRR

B, B, 1988 4E4:, A1 AIF5Y
A, BB ST M ORI 2R 2 5HLAE
2] WS R A A 2
TR AT




