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 The CNN network has been record leading in
number of computer vision tasks. For eg. In
Image search , Image classification, Image
segmentation and recognition etc.

 CNN Transfer is a common practice in the
vision community due to the expense in
collecting sufficient amount of training data.

 This paper is devoted to the effective use of pre
trained CNN models in Image search and
classification.
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 Using images with larger sizes as input to
CNN is a better choice and yields consistent
improvement during CNN transfer.

 Average/max pooling of features from
intermediate layers is effective in improving
invariance to image translations.

 It is beneficial to fuse pooled features from
multiple layers.
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 Pooling- Given a pre-trained CNN network C, there are K
convolution layers, denoted as L1,L2,L3………..Lk. Each Convolution
layer may contain a max pool layer. We take the last sub-layer as a
representative of the major layer. Given an image we denote the
feature map of layer k as fk .Assume that fk can takes the size of wk X
hk X ck.  Ck denotes the number of channels of convolution layer k.
Then we can show the max pool and avg. pool as.

Both the max pool and avg. pool are of 1 X 1 X ck dimensions. In VGGNet,
for example, the result of average/max pooling on Conv5 is of
dimension 1 × 1 x 512
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 By Pooling intermediate layers there are two
main advantages-

 First, using the intermediate features, the local
structures are paid more attention to.

 Second, by pooling the resulting vectors have
higher invariance to translation, occlusion and
truncation.

 Additional advantage of pooling is the
computational efficiency brought about by low
dimensional feature vector.
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 The Figure below illustrates some examples where conv5 feature
captures common local structures in relevant image pairs which
are largely lost in the FC6 representation.
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 We combine features from different layers, i.e., from
low to high levels, and from small to large receptive
fields.

 For image search, simply concatenating the multi-level
features probably does not work because it assumes
the same weight for all features, which is clearly
undesirable without a learning process. To make
feature weight adaptive to the query, this paper adopts
the state-of-the-art late fusion strategy .
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 For image classification, simple feature concatenation
is employed. Given an input image, we extract features
from all seven layers, i.e., Conv1, Conv2, ..., Conv5,
FC6, and FC7. Note that the input image may of
arbitrary sizes.

 For VGGNet, the feature dimension is calculated as
64 + 128 + 256 + 512 + 512 + 4, 096 + 4, 096 = 9, 664.
Figure given below provides an illustration of feature
extraction.
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 In conventional cases, images are resized so that all images have the same
size. In AlexNet, for example, during CNN training, all images are resized to
227 × 227 before being fed into the network. During testing, images are
typically resized to 227 × 227 for feature extraction and classification.
Consequently, in this paper, relatively large images (compared with 224 ×224)
are taken as input. Specifically, given a dataset, we calculate the average
image height and width of the training set. Then, the larger value between the
average height and width is taken as the long side of all training and testing
images. For example, if the average image size of the training set is 400×300,
we will accordingly resize all images into a longer size of 400 pixels, and keep
the aspect ratio. In image search, we calculate the average side lengths from
the database images. In this paper, the image size calculated in this manner is
termed scale 1.0. The other scales are defined as the ratio between their long
side.
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 For Image search three datasets have been used
 Holidays (1491 scene images)
 UKBench(10200 images divided into 2550

groups)
 Oxford5k(5063  images of oxford university)
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 In image classification, 7 datasets are tested

 For Generic Classification
Caltech-101(101 categories and about 40-800

images/category)
Caltech-256(256 categories including 30607 images)

and PASCAL VOC’07

 For scene classification
Indoor-67 and SUN-397( 397 scene images along with

130519 images).

 For fine grained classification
Oxford Flower-102 &  Bird 200
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 Performance of different CNN layers











 In this paper, we share several findings with
the community on the effective usage of CNN
features during transfer.
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