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SIFT Image Feature Extraction based on Deep Learning
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Abstract

In this paper, we propose a deep neural network which extracts SIFT feature points by determining whether the center pixel of
a cropped image is a SIFT feature point. The data set of this network consists of a DIV2K dataset cut into 33x33 size and uses
RGB image unlike SIFT which uses black and white image. The ground truth consists of the RobHess SIFT features extracted by
setting the octave (scale) to 0, the sigma to 1.6, and the intervals to 3. Based on the VGG-16, we construct an increasingly deep
network of 13 to 23 and 33 convolution layers, and experiment with changing the method of increasing the image scale. The
result of using the sigmoid function as the activation function of the output layer is compared with the result using the softmax
function. Experimental results show that the proposed network not only has more than 99% extraction accuracy but also has high
extraction repeatability for distorted images.
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I 1. HM|otet DNN 74
Table 1. Configurations of the proposed DNNs
A B C D E
16 weight layers | 26 weight layers | 36 weight layers | 36 weight layers | 36 weight layers
input (33x33 RGB image)
conv3-64 conv3-64 conv3-64
conv3-64 conv3-64 conv3-64 conv3-64
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
conv3-64 conv3-64 conv3-64 conv3-64
conv3-64 conv3-64 conv3-64
maxpooling stride : 2
conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128
maxpooling stride : 2
conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256
maxpooling stride : 2
conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512
maxpooling stride : 2
conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512
maxpooling stride : 2
FC-512
FC-512
FC-512
sigmoid | softmax
Ex A-DS} b2 30| 2ZE ~(softmax) TS Al V. A% Zx}
&3 A0ITh &, o] ALRO|E F5E AHate) &
AL FES ALD A-DS 28 Ex 299 A& = A7) 74 @742 vl H(Python)o] 2L, AHS-S PC

39 (one-hot-encoding) W2l 22 019]
Aol obd Zo g Ade % s

[y

= Intel(R) Xeon(R) CPU E3-1275 v6 @3.80GHz, 64GB
RAME 2t 9o, £G4 A= 64-bit Windows, 12| 1
GPUE GTX 1080tiE 214314

. o] PCE DNN< &4
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2 H2E dolE FFLE 99.109%°]%1tk C, D, E9] &
d Hely g FHs AP TFE HAH Sotetod A
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I 2. H|ekst DNNo| Aazxt
Table 2. Experimental results for the proposed DNN

DNN Train accuracy(%) Test accuracy(%)
A 98.100 96.796
B 99.300 99.002
C 99.900 99.083
D 99.900 99.109
E 99.900 99.084
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Fig. 4. Image examples with varying brightness level; (a) +25, (b) +50,
(c) +75, (d) +100
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Fig. 5. Example Images with varying blur level; (a) original, (b) radius
0.5, (c) radius 1.0, (d) radius 1.5, (e) radius 2.0, (f) radius 2.5
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