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By Sven Behnke - Own work, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php
?curid=82466022
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LeNet-5 (1998)
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By Cmglee - Own work, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php?c
urid=104937230 2 Re

‘ Image: 28 (height) x 28 (width) x 1 (channel) ‘ Image: 224 (height) x 224 (width) x 3 (channels) ‘
Convolutlon with 5x5 kernel+2 paddlng 28%28x6 Convolutlon with11x11 kernel+4stnde 54x54x96

v sigmoid ReLu
‘ Pool with 2x2 average kernel+2 stride: 14x14x6 ‘ ‘ Pool with 3x3 max. kernel+2 stride: 26x26x96 ‘

Convolution with 5x5 ke'rnel (nopad):10x10x16 Convolution with 5x5 kernel+2 pad:26x26x256
v sigmoid v RelLu

[ Pool with 2x2 average kernel+2 stride: 5x5x16 Pool with 3x3 max.kernel+2stride: 12x12x256 ‘

J flatten

Dense 120 fully connected neurons Convolutlon with 3x3 kernel+1 pad 12x12x384

\ Sigmoid ' RelLu

[ Dense: 84 fully connected neurons Convolution with 3x3 kernel+1 pad:12x12x384

. sigmoid ' Relu

| Dense: 10 fully connected neurons Convolution with 3x3 kernel+1 pad:12x12x256

v RelLu

Output: 1 01: 10 classes Pool with 3x3 max.kernel+2stride: 5x5x256

v flatten

Dense: 4096 fully connected neurons ‘

v Relu, dropout

Output: 1 of HOOO classes
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OpenCV+# » & DifE H  cvi:CascadeClassifier %7k
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):0] global D: \vcpk;_,\bm|dlrees\0pcncv4\src\4 3.0-0c6047baf6.clean\modules\core\src\ocl.cpp (891) cv::ocl::ha
tialize OpenCL runtime.
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ImageNet & & % ILSVRC #E&E

& image-netorg © & » %

& 14,197,122 images, 21841 synsets indexed
I M . G E Home Download Challenges About

in. Login | Signup

ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Competition

The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) evaluates algorithms for object detection and image classification at large scale. One high level motivation is to
allow researchers to compare progress in detection across a wider variety of objects -- taking advantage of the quite expensive labeling effort. Another motivation is to measure the
progress of computer vision for large scale image indexing for retrieval and annotation.

For details about each challenge please refer to the correspending page.
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ILSVRC 2017
ILSVRC 2016
ILSVRC 2015
ILSVRC 2014
ILSVRC 2013
ILSVRC 2012
ILSVRC 2011
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A & 1.15: AlexNet F92248
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