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R-CNN: Region-based CNN

A framework for object detection with ConvNets

Figure 1: GoogLeNet [1], a much deeper, wider, and sparser network, with 12 times fewer parameters than AlexNet [2]. (Figure is from [1])
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Figure 4: Classification examples using GoogLeNet.

Figure 5: Detection examples using GoogLeNet.

Table 1: ILSVRC classification results through years.

Table 2: ILSVRC detection results through years.

One of the main beneficial aspects of this architecture is that it allows for increasing the number of
units at each stage significantly without an uncontrolled blow-up in computational complexity. The
ubiquitous
use of dimension reduction allows for shielding the large number of input filters of the
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The improved use of computational resources allows for increasing both the width of each stage

