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Train Faster

Set R-CNN SSD YOLO RFCN
MAP@0.5I10U 8:2 0.96 0.90 0.86 0.92
MAP@0.510U 9:1 0.99 0.92 0.89 0.95

B 6K FAL2E R
[1]Ren, Shaoqing, et al. "Faster r-cnn: Towards real-time object detection with region proposal networks."
Advances in neural information processing systems. 2015.
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LeNet5 0.79 0.82 0.89
AlexNet 0.84 0.90 0.92
VGG-16 0.89 0.92 0.95
InceptionV4 0.90 0.95 0.97
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[2]Szegedy, Christian, et al. "Inception-v4, inception-resnet and the impact of residual connections on
learning." Thirty-first AAAI conference on artificial intelligence. 2017.
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[3]Shi, Baoguang, Xiang Bai, and Cong Yao. "An end-to-end trainable neural network for image-
based sequence recognition and its application to scene text recognition." IEEE transactions on

pattern analysis and machine intelligence 39.11 (2016): 2298-2304. 12
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[5]Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep convolutional neural
networks[C]//Advances in neural information processing systems. 2012: 1097-1105. 17
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HEEHYE AEZxE CNNE'JZE | iHEER @ EHRAZE  CNNE)FE
0.12 0.101245 0.110462 0.55 0.511462 0.543016
0.14 0.111573 0.145531 0.60 0.567824 0.596735
0.16 0.201136 0.159672 0.50 0.482064 0.496587
0.40 0.362314 0.398516 0.65 0.632973 0.649876
0.35 0.331596 0.350365 0.70 0.680421 0.692683
0.52 0.497631 0.519416 0.45 0.427415 0.449637
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5.% % # 3_ «Automated Steel Bar Counting and Center Localization with Convolutional Neural Networks.»
(B & % 3] axive) Zhun Fan, Jiewei Lu, Benzhang Qiu, TaoJiang, KangAn
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