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Deep attention guided image cropping with
fine-grained feature aggregation

Fang Yuming " , Zhong Yu, Yan Jiebin, Liu Lixia

School of Information Management, Jiangxi University of Finance and Economics, Nanchang 330032, China

Abstract: Objective Image cropping is a remarkable factor in composing photography’ s aesthetics, aiming at cropping the

region of interest ( Rol) with a better aesthetic composition. Image cropping has been widely used in photography, printing,
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thumbnail generating, and other related fields, especially in image processing/computer vision tasks that need to process a
large number of images simultaneously. However, modeling the aesthetic properties of image composition in image cropping
is highly challenging due to the subjectivity of image aesthetic assessment (IAA) . In the past few years, many researchers
tried to maximize the visual important information to crop a target region by feat of salient object detection or eye fixation.
The results are often not in line with human preferences due to the lack of consideration of the integrity of image composi-
tion. Recently, owing to the powerful representative ability of deep learning ( mainly refers to convolutional neural network
(CNN) ), many data-driven image cropping methods have been proposed and achieved great success. The cropped Rol
images have a substantial similarity, making distinguishing the aesthetics between them, which is different from natural
TAA, more difficult. Most of existing CNN-based methods only focus on feature corresponding to each cropped Rol and use
rough location information, which is not robust enough for complex scenes, spatial deformation, and translation. Few meth-
ods consider the fine-grained features and local and global context dependence, which is remarkably beneficial to image
composition understanding. Motivated by this, a novel deep attention guided image cropping network with fine-grained fea-
ture aggregation, namely, DAIC-Net, is proposed. Method In an end-to-end learning manner, the overall model structure
of DAIC-Net consists of three modules; semantic feature extraction with channel calibration (ECC), fine-grained feature
aggregation (FFA) , and global-to-local contextual attention fusion (CAF). Our main idea is to combine the multiscale fea-
tures and incorporate global and local contexts, which contribute to enhancing informative contextual representation from
coarse to fine. First, a backbone is used to extract high-level semantic feature maps of the input in ECC. Three popular
architectures, namely, Visual Geometry Group 16-layer network (VGG16), MobileNetV2, and ShuffleNetV2, are tested,
and all of the variants achieve competitive performance. The output of the backbone is followed by a squeeze and excitation
module, which exploits the attention between channels to calibrate channel features adaptively. Then, an FFA module con-
nects multiscale regional information to generate various fine-grained features. The operation is designed for capturing higher
semantic representations and complex composition rules in image composition. Almost no additional running time is
observed due to the low-dimensional semantic feature sharing of the FFA module. Moreover, to mimic the human visual
attention mechanism, the CAF module is proposed to recalibrate high fine-grained features, generating contextual knowledge
for each pixel by selectively scanning from different directions and scales. The input features of the CAF module are
re-encoded explicitly by fusing global and local attention features, and it generates top-to-down and left-to-right contextual
regional attention for each pixel, obtaining richer context features and facilitating the final decision. Finally, considering
the particularity of image cropping scoring regression, a multi-task loss function is defined by incorporating score regres-
sion, pairwise comparison, and correlation ranking to train the proposed DAIC-Net. The proposed multi-task loss functions
can explicitly rank the aesthetics to model the relations between every two different regions. An NVIDIA GeForce GTX 1060
device is used to train and test the proposed DAIC-Net. Result The performance of our method is compared with six state-
of-the-art methods on three public datasets, namely, grid anchor based image cropping database (GAICD) , image cropping
database (ICDB) , and flickr cropping database (FCDB). The quantitative evaluation metrics of GAICD contain average
Pearson correlation coefficient ( Pcc ), average Spearman’ s rank-order correlation coefficient ( SRCC ), best return met-
rics ( Accy,y ), and rank-weighted best return metrics ( wAccy,y ) (i. e. , higher is better over these metrics). Intersec-
tion over union and boundary displacement error are adopted as evaluation metrics in the two other datasets. The GAICD
dataset is split into 2 636 training images, 200 validating images, and 500 test images. ICDB and FCDB contain 950 and

348 test images respectively, which are not used for training by all compared methods. Experimental results demonstrate the

effectiveness of DAIC-Net compared with other state-of-the-art methods. Specifically, SRCC and PCCincrease by 2.0% and
1.9% , and other best return metrics increase by 4. 1% at most on the GAICD. The proposed DAIC-Net outperforms most
of the other methods despite very minimal room for improvement on ICDB and FCDB. Qualitative analysis and user study of
each method are also provided for comparison. The results demonstrate that the proposed DAIC-Net generates better compo-
sition views than the other compared methods. Conclusion In this paper, a new automatic image cropping method with fine-
grained feature aggregation and contextual attention is presented. The ablation study demonstrates the effectiveness of each
module in DAIC-Net, and further experiments show that DAIC-Net can obtain better results than other methods on the GAICD

dataset. Comparison experiments on the ICDB and FCDB datasets verify the generalization of DAIC-Net.
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18 AT EIE S5, O A N i 8 22 ROBERHIE . Liu
S5 N (2018) it PICANet FH T i 35 PEAG DI AT: 55, i
X EAMME R (X)) A FE W BT SOERIE
B, LASRAS B (i G o SCARRAIE | DT i vy e 28 A A6 D
ROR . BT I AL T A5 R T 58 ) 53 P g
REMSRLIUAL 037 5 rh 5 B SR A5 XA R SUfE L
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AR SO A2 2 by s 22 RUBERRAE A 3% 1R 1A 7 1%
T, 858 T 4 R MR DX I8 75 1 R | 4% R A
MERER T —2 4Tt

YE RNN BRI, K 55 1099012 P 2% (long short
term memory, LSTM ) (3% T~ RNN # B 11 2Kk 55 ] #
I I HLEH G IR M 28 A LRR G120 R 1R B,
HEaS 2R ek S S AN EE AN E, K IE
BRI B8 TR SO AT RS, LSTM & FH T
] 515 B B 2 , ReNet ( Visin 25,2015 ) (32 H il
WS R TR A5 0] 1 R SCAIK I OE R | Varior
4 \(2016) F 123 6] LSTM #i#E A4 383 2 18] )
23 MR OC 2, 41 i 1T AR B () HER B ; Byeon 55
A(2015) F1 Liang % A (2016 ) WPKFZE L J7 V543 1)
O FH T A BRI SO b, AR SORERLR 25
] LSTM #1742 JRy 1 SCRRAE 2 b5, B 4 b DG B R
H B AUZ A4 52 2 AR AE

2 RENZT

AR SCHAL (DAIC-Net) (R ARHEZL NP 2 R,
EE ﬁﬁi&{ﬁ El"] i% X##?ET;%EX( semantic feature extrac-
tion with channel calibration, ECC) 4047 FEFFIE R &
(fine-grained feature aggregation, FFA) Fll I "F SCiHE &
il e ( contextual attention fusion, CAF)3 IR A4
JI, SR FH i B it 2 20 SR, Ko 265 7RG T Bt I 114 1

WHEER C, , 5 H ECC B HE I EM SR
FHIE F, ARG8T FFA B0 F, WU RITE €, IX
B ARG A e e R R 1 2 RO ICBURRE X = (x,
Xy, xy ], NFIREEE LG RN, x, RN
iR P X REAE . AS [) 4H0RL B DX I80REIE 28 3
CAF B FERHEE MR BN E (w,h) PSR JRTE
R A" RIS A T R
FREFEAL , Boe B A DO b SO R T R E 4
AFIFAS 1 x 1 B 2 A8 8] X
2.1 BERENIEAFEREGER

T TE A HE AT SR OB 5 7R AR BUER 1Y
I OE SURHIE IR 55 T IR 2l . ZTH90EN] | 3t
— U R AL P 48 B ] AR G i A% 28 oA,
Y &R 43 28 (Simonyan il Zisserman,
2014 ;He 55,2016 ) {155 tH AL T2 0T LA Rt
T 2 HARG I ( Girshick ,2015 ; Ren % ,2017 ) A&
BT ( Zhang 25 ,2020) 64T 45, 3 FHAR1E 42
WORTHRI G BEAIR, PR AR STy v g 38 1 32 3 1
ZEHERR , XF LLSEBGFBH XA 46 118 SURHE,
ARSI IE S R AR TR R (R ) T 45 2R

I £ J2E A N RAT Bl T2 20 BT R 2 2R ) AR R
PR SR OC 28 = P08 AR D B 2 3 J0B0 B DR 1
FIVRE BERRAE IR T ELAG 116 P bf 28 1) 24 SR A i A5
B, He 58 A (2016) £ T BRBRIEHE | @ 1K R 2R

JERIE -+ HE

+P+ P

Ay 74

kLR
(T '

=-

[EVE)=

i
=
&

F, FHESEIRE 5 BB
D

JEHRTERETIL]

RJSTER TIPS

P2 ARSCHR DAIC-Net BB fAFESE
Fig.2  Overall framework of the proposed DAIC-Net
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HEM, i, BRI, NWE / BE

M EERRE TS D BaRE

TEAE TR 2= I 465 i A B — 0 03, 2 o TR 2 T 245 1
JEFAE , A 3 FlORRI R BE R I SCRRE F,  F
FF;, 1 m | s R0 3 FORTE RS2 BF R, ﬁz\
X AN [FR HE R I 28 S 1 V2 2 T4
RJZ IR Ry ER SRR AL, TR J2 0 2 T4 3K 5
Z& ) 4 ey 3 il UM L (Zeiler 1 Fergus ,2014)
SRR S WU, S s D i G Zeng 55N
(2020) R 1 x 1 F0KE 3 Rl R B2 5 A0 38 KR 22
8 4 IZIRAEREA SRR B2 I i ?j‘ﬁ’ﬁ %{FF&
e RSN o 5 B2 AL RE ) . 52 SENet
( squeeze-and-excitation networks) (Hu 4§ ,2018) )3
R AR SO H — i T RV B DX R
AEFEE T I (squeeze and excitation regional pyramid
align,SPA) | X BRI B A Y o SCRFEAE Tl A 2
ARAT T IMAL 1 LRHE o'F) | 0" F) O
w'F, o BARBRAEWNE 3 Fros, @i 4 s H 3 P-4
AR AR 19 4 5 25 [ B, SRR AR IR &k
W IE 45 4547 Re LU W0 PRAL B TE Y 7K 42 3%
FLJZ AN sigmoid VT PR, 152 —> 55 A RR AL 1
HAOR ] %) 3000 7 5 ) AR R o o — 3 i T A e
BV SE T AR ) EEBTACHE S50 v Y 38 T TR 4R
FEA sk iR B R 16, =m , JRH 1 x 1 B
T TR e 4 SURMIERE 2 8 4 TEIZ R IE IR |
PEHUCE M EAE A [ AR 9 Rol F1 RoD 41,

_emaEEn
I FAiAk

@ EE AL

o
o Rol RoD
1x1

3x3 BEAFE

xR

B3l B R ROHERY DX I R PRI
Fig.3 Regional pyramid feature extraction with

attention calibration between channels

2.2 PRERHERGER

H RN HA S22 e 1 1 s 1 =0
P PR LA P LGS FR AL 1 3 ol i e UL A A BT 7 1%
AN TRl R PR 5 3k o B O AN TR o7 B ) i 245 R
B, =04 B R AT 1 205 B AE 4 /Mc R
Ab (FEBESE P AR B 0 L), i ¥ PR B 22
SRR RR T HR A, 552 A i
MU DISE PRI, RIS [R]— Mg 1], R B o

2xblidm AR A v R R — 2 ( Chen %5,2020) , Xt
I AR SCHE T LA A L e 30 L o ECC P2 LAY
R4k 2 RO SRR SEAT A I AL A, AT AR BT A
FIER) 3 PR X IURAE . [A]IE, Sk B 4 i e fiF 2
> EMGAE B, AR SR FH — Tl oAy ] 50U P 200 e BB R A
RA (FFA)FH | BIE F Rol A1 RoD #ii i £ 9% X 35,
FRHE, & 4 FIR

= > &
;EE:;.;;« ;ﬁa;.;::u |.‘ 53:.;:- @ .
IS
Lo l
: [ O .o | ]—@—
SPP1x1 | | SPPIxI i SPPIXI
i ‘ SPP 3x3 . SPP3x3 i SPP 3%3 ﬁ
| l D
! W
[ SPP9x9 | | SPP9x9 | | SPP9x9 J

_____________________________________

Bl 4 AREERRER & (FFA) Bk
Fig.4 The fine-grained feature aggregation (FFA) module

SR AL B T AR B AR AR R T

23 [a) AR Al R AN — E0rE | (B S BUR T ARE Y E

8o T X RMG A  2REVE IR % i S 32 2 i) 4 8

WAk (He 45,2015) A & , A SCHE S 22 35 4R R

TERA T, N IR A AR s e 34 F R TRl 14 44
[IEERY S

X = Y concat(Rol(®'F,) ,RoD(@'F})) (1)

te {l,m,s!

;EEFI‘I , X %‘%%Ejgﬁ*ﬁgl%ﬁ@lziﬂjﬁ%?ﬁ,concat %%
INFHIER S AT, 0 F78 18 SURAIE (1438 18 11 5 1AL
#, XHFAHFEARLEE R Rol 1 RoD HAE , S 44 i i 2
FEGTIT, 53] 16 LRl &R, FEXF 3 FhAS [A] RUBE Y
Al A RHIE ST T FE AR AE R LT SCEE TS
B i ARRAE, A SCSEg A T 11,3,5,7,91
I 5 POk H G

554 B — DR Rt Ak T A FL , 22 R AR
FERFER G LGS G TR 2 miE B, A R T K
1GHG AT, SR AET 5 A B AR, P A TS
AIRSCR o FR TR RO B 24 R AR [A] b 2407 =X, AT
FATATHR A~ i R T 3 & SN 2R 580
2.3 ETEENRME

R SCHEE I 4R & T (global attention,
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GA) AR 2 47 (local attention, LA ) ZH A%, F AL 3
A A RROEREA T H S i, 5 AT 2 B SR
G ISR X F R AR 2] . GA kA
ARG R B A A TE) T | A Ze 10 4 B B R SCIX
BTy, AT LA O R R R SCRMIE e 2
LY LA & IR SR 40K BE R B BT SCRRIESE
AB 5388 81 H 2 00 % A5 ]

2.3.1 &R L

GA FIHI LR A A (] — o J32 0 3 1] DX r il
X e R™% N FRBEHEES RN Ke 1,
3,5,7,9}, i B AR R O A R RRAE, B4 i
M IXHR R EAZ B A SCR AU BEHICZ M
%% ( bi-directional long short term memory, BiLSTM )
(Graves % ,2013 ) fUEF 1L 48 RNN, 73 Bl 4L 2] |- 7F 72
A4 AT7 1 e A A | 8 A ) AN ) SR A A
a4 DI BT UER, B MERIE R
2 HARER | R AR FAE D7 A B R SUE R
X TR R k03 A DX IR AE ] AT — 1 (o,
h) FROE A= A B A E B e e RV f
JFA b x kb MEER R R B ACE 50056 AR
TENAR, A 2 R IR R T8RN

X = 3 x0ar (2)
L1, x, e RV FoR NAEREIFESS i A0 B2
RLFERAE, O KRR i th 4 R
FRIE 5 LG T AR R/ ME A
2.3.2 JRER L]

Ph (w,h) Rty LA H GV H R DX 5k oy 119
AHSRRFAE | B R REfiEEe X" e RV W x H N
AL E YRS T RN, AT 2B RE T
3mSR A B R ] A BURAE AT il
WENFIERR, B KBZZE W x H R/DER
RN TR AR E , LARRIEE & = 9 Sl R 4 4>
3 x3 A B, it i Ao 2 16,3264 A
768, i i R IR ROBE BRI 2R 1, e S R 3 J2 AR
HALZEAY 1 x 1 SRR o T 5345

TH AL SE 3G R W JFAE BT A 4t B RR AR AR 5 21t
B GA F LA, 4R E BRI R IEA B T2/
AE R, [ 2 BRI LA im0 RN He g
W, BRI S A 8, S8 rh (SO 200 i sy F) Ry
TEHEAT B SCREESE AL, Q& 2 s, oAt 4tA i
FRIENER ] 4 R B 3 — K2 F ReLU 30 oK

BOREAL I 158 — 5 LA i th A W 4E 52 A9 R AE
KL, BT A AR RRE G 5 S A B B D2 B RZE
ZH Y 43 B8 8L A T2 Fie 26 I g A A 358 A 1Y 36 2
Vig 8
2.4 MKREH
2 PR 3 AR m I B R AR, A SCHR T 2 AT
SRR RV A | AR 2K pRE T 3 Fdbt 2k
PREUMBCR F1133) , BAR K
Loy = 0Ly + 0,L, + 0L (3)
A, Ly o BURE B2 sREL, Ly, S ot FE B 2k
PR, Lo A MR pREL, 0, | 0, F w, 25045
R B E
2.4.1 SpELmlEk
DG L1 B PRI S i (B T )2 T
H ARSI B4 8105 [7] 85T Ren 45,2017 ) , 25 & F iR 2
AR NZAE DR 22 8RB P0 AR, I Zid BB fNASE .
ASEHDGH L1 5156 FH T3 - 500ml 5 B Ak
Ly(y f(x)) =
S =f(x)? S|S0
(4)
81y - fix) |- 50) Fhf
K, 6 BESE A XTERALRPIRES = 1,
y e ELSEOMEL, fQ) AR TN 34
2.4.2 OO R
R LB ((pairwise comparison ) AR Y2 W FH
THEF R S T4 07 = W — X g R iy
JCR AT LA R e A S HE Y . AR SR
FHROR e AR 5 s A 2% ) o B AT X 43 FE i E
ik (7528 B Z [ A9 3 B2 PRS2 B N VTN
X T[] — i (148 b A A B — X R ] X, Rl x,
B T 5 10 L5 36 29 20 BOR T &, W ml g X
R B
L, (f(x,) .f(x,)) =
max{0,f(x,) - f(x,) +gi (5)
A, fx) RoRBALTO 7385, g S T IE N Ak
INRIFE AEE S80, AR SCHE TR S i B g = 0.5
7 BB 55 25 T A IR 40 G 2 R IR AR R i
R St R o R A R A AR R /N AR R A
Ho HTREAEEE D, BRI Gt 88 U
FHROR He A 26 A BEAST BIAR S i 28R, PR AR S04
AR PRV S A A 2 R B i B 0, 15 BRI
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2.4.3  AHRMERK

JUAE S I )1 51 2 0BT G 3543 2 3o 2 11 43k
AT T BRHET 3R E R IR Z [ A B B A TR 58 1Y
AEABLPE R AR SCATS SR P AH G 4t 2 W B A 280 1y 3l
g, B aCHO AN R A R B A T 5524 T R4, AR
ANTFIER ] A 2015 RRAE . Pt R B2 /R R
RPEAHOC R B, TN

Lo(y.f(x)) =

> (G =D () =)

1 -
J;UerJ;UU)ﬁﬁﬂy
Ao, y, B R Sy Sy, B,
Sy BRI AR B0 48 f(x) K
SO BRI, N ek PRE AN
5 5 ) 4 P () e 26 I 2 A L X0
Rt , LS U4 B0 12 P P O 3 i A 3
WA TR X AN RE S, R, A SO R AR R 4B
FREBEE TR R AT B2 AR e e
Lo(y.f(x)) =

N -
z e(}'i-}’) (f(xp) =f(x))
i=1

N N o
N/Z e<yi—}>2 JZ e(f<x;)—_f(X))2
i=1 i=1

3 KB5HMH

(6)

1 -

(7)

SIS AE Tntel Core i5-3470 CPU . Nvidia GeForce
GTX 1060 & .16 GB PIAF1) 5 xC i i 77, #5
VEZ 5% H] Ubuntu 20. 04. 1 LTS, B 2% T HEH N
PyTorch 1. 6.0,CUDA il cuDNN A& CUDA 10. 2
F1 cuDNN v7. 6.5, 4 F21H 5 4 Python 3. 6. 12,

3.1 HE&EMIFAiER

T SETERAHT AT R B G A GAICD (grid an-
chor based image cropping database) ( Zeng %§,2020)
AT A A AL 3 336 I R, %14 Al
Z54E 2 636 BRI UESE 200 8 A AR 500 E, 5
RS & [52,90 1N ARGER A, 3t 288 069 4, %
AERIEERA AL BR A7 R P15 3 WAS 3 (mean opinion
score, MOS) . PEAf 8 5 [FI AR GAICD %4 4R 1fF
FHIHEAS AH A | f5 I 4 3 FHE 44 AR £ [l 4

PR FHTIN 3550, HE 44 AH O V48 BR A0 475 397 Bz K &2 A
FM: (Spearman’ s rank-order correlation coefficient,
SRCC) F1 Bz /R #& #H 4 ( Pearson correlation coeffi-
cient, PCC) , I T PFAG ALY T30 73 K5 5 S s 0 B 2
[ 18— B AR DG 5 SR A TR E AR Ace,y ,— M
WK e {1,2,3,4f,N e {5,10}, LAl 8 Fhihs,
i EeASE IR 7 A S 2 o AR T AR R 5 R A4 I AL e 4
IR ASENR wAcey,y TERRALE IR 4G bR A BE At 13
T HEAALEE 32 2 48 b 1Y DYl 0 v o A A%
(Zeng 55,2020) , il , A SGA ] 77 B4+
CEFE IS ENINEE =t NS R W)

Accy = e z Accy,y (8)
k=1
4
wAccy = % 2 wAccey,y 9)

K=1

GAICD ¥ i $1 Hh FT 8 1 22 it (9 2 AT PP Al
Ti i, DAL B B 4 2O i i O BRI AR (]
AZ I HE (intersection over union, IoU) A1 1Y 32 g 2 1%
72 (boundary displacement error, BDE ) %5 & WA 15
Fr, U ICDB ( image cropping database ) ( Yan 4§,
2013) . FCDB ( flickr cropping database ) ( Chen %,
2017a) #1 HCDB ( human cropping database ) ( Fang
85,2014) 55, X T AR IESR ToU T 545 Y 500
FRPEIHE S AR T A9 B D0 3 P AE 22 1) ) T AR 52 O
F, 1 BDE 35590 2 % 17 DU 2% 321 1)~ Y i 7% . R
SRIX PR VT M 16 b B AT — 7 19 Jay FR 1 (Zeng 45,
2020) , A SCA3SRAE ICDB #1 FCDB W3 it £ 4l £ )
i, JF 5 HAB IR B Sk E AT 1 X e se s . ICDB £
950 WREIMS, th 3 AL ZhR i, A G 5 i KR 0 &
3 AU, 23l B T AN TR A 1Y L
FCDB 7 348 i & B il R, B 15115k 2 A
PSR — D R U AR AR TE
3.2 EHEAT
3.2.1 FEARBE

IR FTA B AT U3 — A Ab 38 B T b ) 2%
Wk It B 1k At LA, B e ImageNet % & 4
(Deng %% ,2009 ) A X1 F11 7 22 X i A B 04 R 1
HEATVA Ak, SR 54 38 TR 1 3 00 53 B0 53 3 2 K (.
M, BRSO SR I BEHLA) A6 4k, 91 46 27 >
2A0.000 1, YIZEFEWIHN 40 epochs, 2 > 45 15 4>
YIZRJE A S HTY 10% , ) A9 — 1 JEL 401 P R
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H warmup JRHE T 22 2] K (He 45,2016) , I 25
i I A 38 N R A T AL 3% (Kingma 1 Ba,2015)
X R SR T T, s B 0. 9 AUE I R BN
0.000 5,
3.2.2 Hdlnien

Kt 1 iR — AR e AR R BT 1 AU
AR TERB I SATS bW R I BEDLFE Y |
BERLIE % AR AL B A5 B 1 s R A | IX SE PR AR Y
Hh & FURTRTR B e AN vk A B TR 326,
R R 2R R SRR R 1, A A1) T S8 22 T A
FWUESS . A SCRITRELR B 14 1 — Eek p B 1 i
J71%:(Chen 45,2020 , 38 1 X5 A RGO T 45, A
B P VISR IR R TR RS . ARV R B B, A Tm) T
AR A B (4 8 ) — [T 2 RUST, 2 256 % 256 {4
) ASCR A R BENLR T S ik, B
AFEARSE LA, HAR 4 21 [ 224,416 ] {5
WL 32 D RAE A SEERIE SR T A #]
AR AL T SE 0 /)N 1) K08 1 0 07 v, An BE AL I 5
JE RS HORE HRFTEE A R A5 | DA A B R
FEM Y B 38 4o IR S0 5 IR, 44 0 PRI AR e o 520
AR 384 I UG Y R RO et i 5 R Z A
1O FAT 55K G 4 i 2 224 5% 256 R[A], [A]45 56
UE T R 4RO B sh# B EUR S A PPN 1Y 52 i 1R
K (Chen %%,2020) .,
3.2.3 IRy

h T B UEAS SCER M AE SR A0 5E R, 3 T 3 b
H aEk B35 hE B 32T 45 (backbone ) 7E A%
SCATENG G SCRP AR S BUBE B, 145 VGG16 ( Visual
Geometry Group 16-layer network ) ( Simonyan 1 Zis-
serman, 2014 ) . MobileNetV2 ( Sandler %%, 2018 ) #l
ShuffleNetV2 ( Ma 45,2018) , iX 3 Pl 5 T K
SR TR IEZ 22 T HOR o VGG16 SRH/INVE R
LGS FNIR 2 HE B )y =, AR = T BEBERE  (H 2
BB, X RE R 2R 855 ; MobileNetV2 il Shuffle-
NetV2 UGB SK R AL AR RBOR R T 5k 2288 it
A — AR Ak B 7321 A BRSO 2 O AR SEAE T
Srpd R b AR A SCHE ARG 5 Oy ek X T R
i ANRGE sl i I 2R 2 LA i I R B | s ok
Kt S &I, A/ Mty 16 8 EHR I I ZRas R
OF 24 [F i A B EURAR A I, S5 ZhAsi 24 e iy it
12 ZHOK A B, A SR H AR GAICD
WIZREE EFEAT ISR, DA 0 PR T SR ¢ 1B 3 15

T BEAL Pk IE 2 64 TR 3627 53 85, A L E o I
TR A K Pl %) T i, S 1R 8 I 5 R R 4 1
R TN BT AT T vk, T M 4% 2 fd A TmageNet
TINGSEETTRIR AL, Ir A A AR 7] — 5 IR 55
v LaadT R R 2 Bk
3.3 HEMXKESHW

R T 95 E AR BE AR SR G (FFA ) B B A 2K
P, ASCHE GAICD i 48 13047 I Al S 56, 45 )
KIS B, ATLAE B2 AR RE S, 45 3048 5
S EFHEI M TR AR R, 22 T AR R A 4 AR
- A S5 S [R) 40087 R AR AE 2R A B 350 A
A, B WL 15 B AR B REAIE SR 5 A e el A 7R 2% > )
T Z A E AR

35

SRCC
3.0 [ =se- wAce, =~ wAcc,, PCC

X -

& 23

50
2
15F

—=— Acc; —*— Acc,,

&b

[

1.0 3
K = T %
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P
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HARLEE
KIS A [ AL LRI 2L 5 1 i S B 45
Fig.5 Ablation experimental results of

different fine-grained combinations

(i1 Dot N 2 A S & o 1 Bl ol A @ .
RS (CAF) BB T Rl S 56, LR 584 1k B i
P BAE P B8k bR SCTE JE 7 Rl 5 B o i 2 A Y
PEREMIRZIR , A5 RN 1 PR,

F1 PEHEHFIERDEREMSIESER
Table 1 Ablation experimental results of fine-grained

feature recoding

H b
FEAE
o 0.870 0.895 61.1 80.9 48.2 62.8
3x3 0.872 0.897 62.5 81.7 48.9 63.9

SRCC PCC Accs /% Accyy /% wAces /% wAce,, /%

5x5 0.874 0.896 62.8 815  49.0  64.3
7x7 0.873 0.897 63.0 823  49.6  64.5
9x9 0.876 0.901 63.3 82.4  49.6  64.7
G PR R R A S IR AR
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HE, i, BAE, XNE / RE@NESTNRETIENEHEE

S B A JCAT AT R SCEE R Al A B
PR BLT , Yok FH 426 FRURT H 2 4 7 2 X OgURR AR
BB, NFR 1 AT LU Y, Bl 25 51 4 ) R AIE 1Y)
YIRS AR A SRR AR DR S 1K
MAEHEZ MR ERE b LA L s X2 T
PR T G A HE R T AR TR X IR I 4 ) ) R
HEARHN IR T B T X AH JCHE R AR 9 5E i AN B
MESE LA 8 At A8 AR B G HE AR SERT AR50
T ER I, 50258 5 52 BB AIF A A 52

BEAb, 451255 pR LR AR R I Zhad P i 3 2= 06
FEEE, AR ) B i e B A8 7= AR ] 1) 3L
B AR T A1 5541k sRECH & 5 B RS2
THALSE IS S5 RN 2 N, T & T8 bR 25 R 1 0
ShuffleNetV2 7E GAICD B3 UF4E L AY45H, R A%
BSEA T RIF LA LR RIE, kAR E 0, =1,

w, = 0.5 Mo, =1, NF2 JLIE X%k
PREL, Lo X HEA ARG AR I THE K, iX & T
Lo WS TTR ZRIAOCHR  BMEP AT R [ FEAR
AN AT e AEAR K X A3 B | Ly, #E I A TR 4
XPiR2E, (AR BAR TR 2245 /0N, A L XA AL () 225K
SEANAK B T4 T IR A [l i 3R R HE 44 A
FER ) 8 bR, 4 L, VE b Bl 81 2% ok BT,
Ly + Ly M1 L. + L, XA PERE YA PR Tt X 2 A
FEIA Ly ZJ5 , VIR A B G 1 T A 2 E 1
TN 350 B B0 22 57 R B TR K 5 A
Z A Ak, Q2 o) T 2 AT X 00 i B
TE e — D3R T R PR . Y (W] 3 Fent O
PRI, SR T A 2 G bR T S5 (E B s, 2 L A
TR Z I R BRI 51 T A5 B A R R UR
53

%2 FERAERNEBIRER

Table 2 Ablation experimental results of different loss function

BURBREL  SRCC  PCC  Acc,s /% Accys /% Acci,y /% Accy,y /% wAce,,s /% wAceys /% wAce,,, /% wAcc,,, /%
L 0.869  0.889 67.5 55.9 85.5 77.9 49.7 45.5 64. 4 61.9
Ly 0.866  0.886 67.9 56.6 85.6 78.3 49.7 45.8 64.7 62.4
L, + L, 0.866  0.888 68.2 56.8 85.8 78.3 50.5 46. 1 64. 8 62.5
L. +L, 0.870  0.892 67.8 56.2 85.8 78.0 49.9 45.7 64. 4 62.2
L, + L 0.873  0.899 68.6 57.2 86.3 78.4 51.7 46.8 66. 3 63.0
Ly+L,+L. 0.876 0.901 69.0 58.1 86.5 78.7 51.8 47.1 66. 6 63.3

T IR IR R A S B AR

3.4 XX ETTIETFE

gt — 2 B AR AR SCT7 B PR RE, B HE A2-RL
( aesthetics aware reinforcement learning ) ( Li 4§,
2018) . VPN(view proposal net) ( Wei 4%,2018) . VFN
(view finding network ) ( Chen 5%,2017b)  VEN ( view
evaluation net) ( Wei 5%,2018) . LVRN ( listwise view
ranking network ) ( Lu %§,2019) fll GAIC ( grid anchor
based image cropping) ( Zeng 55 ,2020) %5 6 F H A
M H Al B B K OT ik SASONE#ATR . A
[l P 7 I P A5 R AR, VPN FI A2-RL 2 RETH
W — AR ER KL, Tt e R AT 624047,
I HAHER Ace, 5 F1 Ace, g PIFRITAR 8 B 5 oA T 75
DO VIR S A L § B DS W AV S A e
3.4.1 R IREIMT

AR SC R T R RIS AY (1 s i) 52 2% 3 R 2450
N 3 fion .,

il

’
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Table 3 Complexity analysis of each model

Ik FT M4 HEE/ (Wis)  SHUk
A2-RL AlexNet 1.54 24.1
VPN VGG16 15.7 65.3
VFN AlexNet 0.32 11.6
VEN VGG16 0. 62 40.9
LVRN VGG16 44. 4 37.9
GAIC VGG16 48.8 14.7
GAIC MobileNetV2 77.5 1.81
GAIC ShuffleNetV2 70. 4 0.78
A3 VGG16 46.2 15.1
AL MobileNetV2 74.1 2.79
A3 ShuffleNetV2 63.7 1.80
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Fig.6 Comparison of the best crops generated by the compared methods
((a)original images; (b) A2-RL; (c¢) VPN; (d) VFN; (e) VEN; (f) LVRN; (g) GAIC; (h) ours)
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Table 4 The results on the validation set of GAICD

i BT SRCC PCC Aces /% Accys /% Acci,y /% Accy,y /% wAce,,s /% wAccy,s /% wAce,,, /% wAcey,, /%
GAIC  VGGI6  0.854 0.879  65.5 55.0 83.5 76.9 48.1 43.5 63.9 60.9
AR VGGI6  0.874 0.898  68.5 57.5 85.6 78.4 49.6 46.2 65.5 62.0
GAIC MobileNetV2 0.861 0.884  67.5 56.4 85.0 78.1 48.6 44.9 64.1 62.0
AR MobileNetV2 0.876 0.902  70.0 58.9 87.0 78.9 51.9 46.7 66.7 63.9
GAIC ShuffleNetV2 0.863 0.886  67.0 55.8 85.5 77.9 48.7 45.2 64.4 61.9
A ShuffleNetV2 0.876 0.901  69.0 58.1 86.5 78.7 52.8 47.1 66.6 63.3

TE DML AR SRR F2 T IS A TR P R 5 3 v B R4 2R

#5 GAICD MiR&ELER
Table 5 The results on the test set of GAICD

i ETMY SRCC PCC Aceys /% Accys /% Accy, /% Accy,y /% wAce,,s /% wAce,,s /% wAce,, /% wAcey,, /%
A2-RL  AlexNet - - 23.2 - 39.5 - 15.1 - 25.6 -
VPN  VGGI6 - - 36.0 - 48.5 - 19.1 - 29. 4 -
VFEN  AlexNet 0.485 0.503 26.6 25.7 40.6 39.3 18.0 11.3 27.9 20. 6
VEN  VGGI6  0.616 0.662 37.5 34.2 50.5 46.4 20.2 13.4 30.1 23.3
LVRN  VGGI6  0.652 0.720  40.2 38.9 54.9 51.6 26.6 21.7 33.4 28.7
GAIC  VGGI6  0.842 0.866 67.2 55.9 84.0 76.8 48.2 43.2 63.7 60.8
GAIC MobileNetV2 0.849 0.874  68.2 58.5 84.4 78.7 48.8 44.1 64.2 61.8
GAIC ShuffleNetV2 0.850 0.872  68.0 56.6 85.8 77.8 49.2 43.2 65.1 61.4
AL VGGI6  0.852 0.876  67.5 56.4 84.8 76.9 48.9 43.5 64.7 60.7
AL MobileNetV2 0.862 0.884  68.8 58.6 85.2 79.4 48.9 44.7 65.2 61.9
A ShuffleNetV2 0.860 0.881  68.6 57.2 86.3 78.3 49.7 44.0 65.3 62.2
T MR RN & SRR IR« - " FoRARIIL AR
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%6 ZARE7FETE ICDB 1 FCDB #i#E% L IoU #1 BDE #5#REL %
Table 6 Comparison of IoU and BDE on the ICDB and FCDB datasets among different methods

ICDB set 1 ICDB set 2 ICDB set 3 FCDB
T FT ML

IoU 1 BDE | ToU 1 BDE | ToU 1 BDE | IoU 1 BDE |
A2-RL AlexNet 0. 802 0. 052 0. 796 0. 054 0. 790 0. 054 0. 663 0. 089
VPN VGG16 0. 802 - 0. 791 - 0.778 - 0.711 0.073
VFN AlexNet 0. 785 0. 058 0.776 0. 061 0. 760 0. 065 0. 684 0. 084
VEN VGG16 0.781 - 0. 770 - 0.753 - 0.735 0.072
LVRN VGG16 0.799 0. 060 0. 805 0. 058 0.795 0. 060 0. 734 0. 068
GAIC VGG16 0. 809 0. 059 0. 807 0. 051 0.799 0. 057 0. 675 0. 066
A3 VGG16 0. 821 0. 052 0. 819 0. 052 0. 807 0. 056 0.723 0. 064

TE IR R R 44 5 e A2

*7 AEFEMNARPERZE
Table 7 User study to validate each method

Tk 1 29y 35 449r 0 540y IRCEESr

A2-RL 143 273 405 383 146 3.086
VPN 316 351 300 283 100 2.630
VFN 387 350 294 237 82 2. 464
VEN 47 214 370 464 255 3.493
LVRN 25 174 453 500 198 3.498
GAIC 16 152 376 523 283 3.670
AL 2 84 288 595 381 3. 940

TE LR SIR RSS2, 27 2—6 BIRIRA 23 S0 (E0 i
AL

BB 73 A0 7 R 5 E B EMPP 45 2R, L5
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