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Listwise Adversarial Domain Adaption Algorithm for Image Cropping
WANG Haowen', SANG Nong'

ABSTRACT

research on image cropping is confined on public datasets. Grounded on domain shift between training

Image cropping is short of training data for its high threshold for annotation. Current

domain and practical application scene, a listwise adversarial domain adaption algorithm for image
cropping is proposed in this paper. Firstly, the domain shift between two image cropping datasets,
GAICD and CPC, is proved. Then, an image cropping model composed of an aesthetic evaluation module
and an adversarial domain adaptation module is constructed. Aesthetic evaluation module is employed to
predict the aesthetic score of current image and assist the model to extract the invariant features for
cropping task. Adversarial domain adaptation module is exploited to realize adversarial based domain

adaptation learning. Domain migration experiments between different cropping datasets and between

different scene domains verify the effectiveness of proposed algorithm.
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Table 2 Effect of different feature extractors on CPC —
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ResNet50  0.251  0.410  0.324
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Table 3  Effect of different loss functions on CPC — GAICD

EuENT Aces Ace,y  SRCC
smoothl.1 0.242 0.367 0.244
Listwise Loss 0.237  0.391 0.251
ScalingSmoothLLl ~ 0.249  0.417  0.360




FEMEC A TR U N A REAR S Ik 685

¢ 3 7] L, ScalingSmoothL1 7£ SRCC F5%5
A7 W O 3 ek A e M pR BRGSO R T A X
B2 [ P PE o3 25 5, e 4 AR 5T ot DXl 2 8] 1 2 3 25
5, B TR IR BT RE ).
3.3 CPC—GAICD EiF %L1

TEARRSZH X CPC — GAICD F1 GAICD
— CPC B} LDAIC &)y 58 M H & I B5 1l 5
B GE.

185 CPCoGAICD BT 525

Fe 3.1 B SE R 43 72 CPC — GAICD 45
R W K B L4 . A AR A CPC Il %k
EREAR AR GAICD YIRS REA FIA bR 25 1Y
GAICD MR EEREA. FEYIZE LDAIC B, #E RS R/
1, — A IS 1036 YO, IR E,—
AR AL 1 036 AR/ B ARk ST A=
SR shuffle = True, 5 AR HIHE T, CPC Il
AR 17 559 R EUGHEA R 2 5%

FEHE 3.1 R4 53, GAICD — CPC 3iE
RS0 Th i S B B4 A AR GAICD I ZR4R
FEA AR CPC YIZREEFEARFIA ARZE M) CPC )
IEEREA. [FIRE E shuffle = True, — 1B %
££1 036 ¥K%.

VERRAS SCRE S B2, L sl g 4k 2 5 3l 55 100 1
5L A B RE 8T B k. GAIC VEN(View
Finding Network)"”’  A2-RL( Aesthetics Aware Rein-
forcement Learning) "> | 25 L 4N3% 4 Fos b AR
G =SNG ) R

R4 HHEFE GAICD>CPC LR
Table 4 Results of different methods on GAICD<>CPC
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Table 5 Results of different methods on INDOOR«>OUTDOOR
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Table 6 Results of different ablation experiment schemes

Ik Aces Accy, SRCC
ED! 0.249 0.417 0.360
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E X 0.251 0.420 0.365
VEX! 0.276 0.431 0.401
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Fig.3 Comparison of cropping results of different algorithms
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