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Image Auto-Annotation Based on Deep Learning

Yang Yang, Zhang Wensheng
(Institute of Automation, Chinese Academy of Sciences, Beijing, 100190, China)

Abstract: Image auto-annotation is a basic and challenge task in the image retrieval work. The traditional
machine learning methods have obtained a lot achievements in this field. The deep learning algorithm has
achieved great success in image and text learning work since it is presented, so it can be an efficient meth-
od to solve the semantic gap problems. Image auto-annotation can be decomposed into two steps, that is,
the basic image auto-annotation based on the relationship between image and tag, and the annotation en-
hanced based on the mutual information of the tags. In this article, the basic image auto-annotation is
viewed as a multi-labelled problem. Therefore the prior knowledge of the tags can be used as the super-
vise information of the deep neural network. After obtained the image tags, the dependent relationship of
the tags is used to improve the annotation result. Finally, the model is tested in Corel and ESP datasets,
and results prove that the method can efficiently solve the image auto-annotation problems.

Key words: machine learning; deep learning; neural network; image auto-annotation
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Fig. 1 Denoising auto-encoder model
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F2 Corel HEREFISHMIBLERMILL

Table 2 Comparison of annotation results using deep learning to other methods in Corel dataset

2 P R F1 N+
Least Squares 29 32 30 125
CRM 16 19 17 107

Inf Net 17 24 20 112
NPDE 18 21 19 114
SML 23 29 26 137
MBRM 24 25 24 122
TGLM 25 29 27 131
JEC 27 32 29 139
RBM 19 26 22 120
DAE 25 34 29 141
DAE(Tag) 29 39 34 159
DAE(Enhence) 24 43 30 174

R3 ESPHEREFIEHMIBRERML

Table 3 Comparison of annotation results using deep learning to other methods in ESP dataset

Z R p R Fl1 N+
Least Squares 35 19 25 215
MBRM 18 19 18 209
JEC 24 19 21 222
DAE 21 20 21 223
DAE(Tag) 23 25 24 244
DAE(Enhence) 20 27 22 257
JREFRIE  sky, sun, clouds sky, jet, plane Coral, ocean, reefs wall, cars, tracks sky, water, beach, swimmers, pool,

formula sand people, water

HzbsvE  sky, sun, clouds, sky, jet, plane Coral, ocean, reefs, wall, cars, tracks ~ sky, water, beach, swimmers, pool,
water, sunset smoke, formation flowers, waves formula, bear sand, ships people, water

(a) #FE9 BBPRE

(a) Good auto-annotation

JREkryE  flowers, petals, sky, road, cars light, shore water, plane, lion ice, plants, frost people
grass tower

AzhkriE  tree, ice, plants leaf, ice, close-up city, sky, water, tree, grass, field branch, leaf, flowers, close-up
ocean, frost plants, frozen bridge, sunset hut, landscape ~ close-up, display ~ costume, tulip

(b) Z/B3hbRE
(b) Bad auto-annotation
4 ER B SbR m S BRReR

Fig. 4 Real effect of image automatic annotation
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