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» Spatial Attention Branch

The structure of SAB is illustrated in (a). channel-wise global
average pooling, a convolutional layer of 3 X 3 filter with stride 2,
an up sampling layer and a scaling conv layer (1 parameter).

» Channel Attention Branch

The structure of CAB is illustrated in (b). Motivated by SENet .

» Vehicle RelD by SCAN

We add our SCAN after the conv5 layer in VGG _CNN_M 1024 and
the conv5_3 layer in VGG16. we use the 512-D fully connected
layer as the vehicle feature. We calculate L2 distance between query
Images and each gallery image using this 512-D deep feature.

Conclusions

»\We proposed an end-to-end trainable framework, namely Spatial Channel Attention Network (SCAN), for joint learning attention weights and

feature representation.
»With our SCAN model we could explore discriminative regions and channels for powerful feature extraction without extra annotations.
»Our two baseline network are all lightweight CNN architectures. So it’s easy to embed our model in mobile devices.
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