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Abstract: Automatic image annotation is a challenging research problem involving lots of tags and various features. Aiming at the
problem that the image annotation based on the traditional shallow machine learning algorithm has low efficiency and is difficult to apply
to complex classification task, this paper proposes an automatic image annotation algorithm based on stacked auto-encoder (SAE) to
improve both efficiency and effectiveness of annotation. In this paper, two types of strategies are proposed to solve the main problem of
unbalanced data in image annotation. For the annotation model itself, to improve the annotation effect of low frequency tags, a balanced

and stacked auto-encoder (B-SAE) that can enhance training for low frequency tags is proposed. Based on this model, a robust balanced
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and stacked auto-encoder algorithm (RB-SAE) is proposed to increase the annotation stability through enhanced training by group in sub

B-SAE model. This strategy ensures that the model itself has a strong ability to deal with the unbalanced data. For the annotation process,

taking the unknown image as the starting point, the local equilibrium dataset of the unknown image is constructed, and the high and low

frequency attribute of the image is discriminated to determine the different annotation process. The local semantic propagation algorithm

(SP) annotates the low frequency images and the RB-SAE algorithm annotates the high frequency images. The framework of attribute

discrimination annotation (ADA) is formed to improve the overall image annotation effect. This strategy ensures that the labeling process

has a strong ability to deal with unbalanced data. Experimental results generated from three public data sets show that many indicators in

the presented model are all improved comparing with the previous models.
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Table 1 TInformation on the three public datasets

1 3
CorelSk 5000 260 4500 500 34 58.6
Espgame 20770 268 18 689 2081 4.7 326.7
laprtc12 19 627 291 17 665 1962 5.7 347.7
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Table 2 Experimental results obtained from different number of the SAE layers
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2 SAE
Corel5k Espgame Taprtc12
P R Fi NT P R Fi NT P R Fi Nt
3 0.17 0.22 0.19 104 0.22 0.18 0.20 193 0.30 0.19 0.23 203
4 0.20 0.23 0.21 110 0.23 0.18 0.20 201 0.30 0.20 0.24 208
5 0.14 0.19 0.16 102 0.18 0.16 0.17 188 0.27 0.19 0.22 198
6 0.14 0.18 0.16 93 0.18 0.16 0.17 180 0.25 0.18 0.21 196
5.2.2 B-SAE
B-SAE . SAE
, F 4 a f y Ran(),a p 1 0.5,
3 2 ) Ran()( , ,Gaussian
N(0,1) ,Uniform uJ[o,1] ) , 3.
Table 3 Results of the B-SAE model with different parameters
3 B-SAE
P R F N+
=12 Gaussian 0.25 0.31 0.28 128
1.5 Gaussian 0.24 0.31 0.27 126
CorelSk =12 Uniform 0.21 0.28 0.24 121
r=1.5 Uniform 0.23 0.30 0.26 125
=12 Gaussian 0.25 0.21 0.23 221
Espeame =15 Gaussian 0.25 0.20 0.22 222
P& =12 Uniform 0.25 021 0.23 220
r=1.5 Uniform 0.25 0.21 0.23 215
=12 Gaussian 0.31 0.21 0.25 215
r=1.5 Gaussian 0.30 0.21 0.25 218
Taprtcl2 =12 Uniform 031 0.22 0.26 223
»=1.5 Uniform 0.30 0.21 0.25 222
3, ( )
3 (
: ), Fi N". 4 )3
75%, 25%. SAE,B-SAE F,
50.4% 21.2% 15.5%, 1 N* 16 20 15
Corel5k , F, N*
Table 4 Comparison of predicting high and low frequency labels between SAE and B-SAE
4 SAE B-SAE
Fi Fi N+ N+
SAE 0.385 0.123 62 48
Corel3k 63 195 B-SAE 0.464 0.185 64 64
SAE 0.287 0.151 67 134
Espgame 67 201 B-SAE 0315 0.183 67 154
SAE 0.354 0.181 74 134
laprtc12 74 217 B-SAE 0.341 0.209 74 149
4 SAE B-SAE ) ,
Fo, 6~ 8
6~ 8 3 20 ( ),
s d S SAE F, B-SAE
F, 3 ,B-SAE Fo, SAE ,
B-SAE
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Corelik
== Label frequency  —&—SALE-F, —e—B_SAE-F|
& %s% @@fﬁ hﬁ@\{#\ﬁg{fd‘
Fig.6 Fl value of the low frequency labels of SAE and B-SAE on CorelSk
6 Corel5k SAE B-SAE F
Espgame
== Label frequency —&— SAE-F, —e—B_SAE-F,
& e fed ,9 aE
f&‘q@eﬁ‘fﬁfﬁ#@@ & F P f&bj@
Fig.7 F, value of the low frequency labels of SAE and B-SAE on Espgame
7 Espgame SAE B-SAE F,
lapricl2
== Label frequency #— SAE-F, —es—B SAE-F,
Fig.8 Fl value of the low frequency labels of SAE and B-SAE on laprtc12
8 laprtc12 SAE B-SAE F,
5.2.3 RB-SAE
RB-SAE B-SAE R B-SAE
R B-SAE . B-SAE
4 ,Ran() N(0,1) u[o,1]
,1.2 1.5, 3 B-SAE , 450 500  550.
5.
Table 5 Parameter settings for testing the RB-SAE algorithm
5 RB-SAE
B-SAE(1/1) =12 Gaussian 450
B-SAE(1/2) r=1.2 Gaussian 500
B-SAE(1/3) =12 Gaussian 550
B-SAE(2/1) r1.5 Gaussian 450
B-SAE(2/2) 7&1.5 Gaussian 500
B-SAE(2/3) r=1.5 Gaussian 550
B-SAE(3/1) =12 Uniform 450
B-SAE(3/2) =12 Uniform 500
B-SAE(3/3) =12 Uniform 550
B-SAE(4/1) =15 Uniform 450
B-SAE(4/2) 715 Uniform 500
B-SAE(4/3) r=1.5 Uniform 550
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Fig.9 Results of the RB-SAE algorithm on CorelSk
9 Corel5k RB-SAE
Espgame

u— N+ —0—1"‘1

Fig.10 Results of the RB-SAE algorithm on Espgame

10 Espgame RB-SAE
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220
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IR UARIR A IO SO R IS\ R R I o) B B R I A R
A T R S P Py
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Fig.11 Results of the RB-SAE algorithm on laprtc12
11 laprtc12 RB-SAE
9~ 11 . 1 N7,
, Fo, RB-SAE ,
, B-SAE , N JFi ( 10 B-SAE(2/3),N"
Fi ) F N ( 11 B-SAE(1/1),F, N" ), RB-SAE
N F
SAE , 3 6 .SAE
.B-SAE s 3 .RB-SAE
, 9~ 11 ,
Table 6 Comparison of three auto-encoder models
6 3
Corel5k Espgame laprtc12
P R F, N+ P R F, N+ P R Fi N+
SAE 0.20 0.23 0.21 110 0.23 0.18 0.20 201 0.30 0.20 0.24 208
B-SAE 0.25 0.31 0.28 128 0.25 0.21 0.23 221 0.31 0.22 0.26 223
RB-SAE 0.24 0.32 0.27 131 0.27 0.23 0.25 222 0.35 0.23 0.28 214
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5.2.4 ADA
ADA s s >
(RB-SAE) (SP) R RB-SAE F SP
F, s SP F, RB-SAE F, s 3
20 .10 , 10 . 12~ 14
Corel5k
=== Label frequency —=—RB_SAE-F|, —a—SP-F
1.0
i
0.6
0.5
i3
0.1
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Fig.12 F, value of the high and low frequency labels on Corel5k computed by RB-SAE and SP
12 Corel5k RB-SAE  SP F,

Espgame
== Label frequency ——RB_SAE-F, —&—SP-F,

Fig.13 F, value of the high and low frequency labels on Espgame computed by RB-SAE and SP
13 Espgame RB-SAE  SP F,

laprte]2
== Label frequency —e—RB_SAE-F, —&—SP-F,

Soooooooo
— bl el - 00

Fig.14 F, value of the high and low frequency labels on laprtc12 computed by RB-SAE and SP

14 laprtc12 RB-SAE  SP F,
3 , 7
> > . (ADA)
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1 N* , 3 172 251 280
3 , P R , ADA
Table 7 Comparison between the ADA model and other models
7 ADA
CorelSk Espgame laprtc12
p R F N+ P R Fi N+ P R Fi N+
MBRML! 0.24 0.25 0.24 122 0.18 0.19  0.18 209 0.24 023 023 223
Gs 0.30 033 031 146 - - - - 0.32 029 030 252
JEC!! 0.27 032 029 139 024 019 021 222 0.29 0.19 023 211
TagProp-ML!"! 0.31 037 034 146 049 020  0.28 213 048 025 033 227
LM3LP 0.33 037 035 146 040 026  0.32 239 0.44 028  0.34 242
NW-RNN? 0.29 032 030 149 - - 3 - 0.28 030 029 259
RNN# 0.31 0.34 0.32 149 - - 3 - 0.33 0.31 0.32 255
y*Kernel*"! 0.31 039 035 153 038 021 027 214 0.42 024 031 239
ANNOR-G*Y 0.22 029 025 129 036 029 032 231 0.38 031 034 242
FFSSP2 0.27 033 030 141 021 023 022 221 0.29 029 029 251
MLRank!! 0.32 037 034 151 & B - - 0.38 032 035 259
ADA 0.32 040  0.36 172 035 021 026 251 0.42 030 035 280
5.2.5
8 9 ADA R
) ) , 1
clouds R ,clouds
2 5 > sea water ,
beach old,area ,
6
(SAE) ,
, (1) ,
(B-SAE) :
, Foo, B-SAE
(RB-SAE), B-SAE s :(2) ,
(SP); (ADA). R
RB-SAE ; , SP , ,
73 9’
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Table 8 Annotation instances of the ADA model
8 ADA
ADA
mountain, sky, sun, clouds, peaks, sunset,
water elephant, silhouette
sun, water, clouds, sun, water, sea,
Corel5k birds beach, birds
sky, water, people, beach, sand, shadows,
sand coyote, maui
blue, desert, game, game, man, people,
man, people, yellow soldier, yellow
Espgame old, sky, stone brown, ”‘0””." nose,
sky, smile
band, group, man, black, group, man,
red people, red
boy, door, front, boy, couch, door,
jumper front, pullover
laprtc12 area, car, fence, car, man, racing,
P racetrack, racing, tree spectator, tree
grandstand, lawn, peoble,  jayyn round, stadium,
e » ? team, uniform
uniform
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