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Abstract In view of the issues of boundary ambiguity and low detection accuracy in current saliency detection algo-
rithms which employ sparse representation, this paper proposed a new saliency detection algorithm based on sparse re-
covery and optimization. Firstly,the RG filter is used to smooth the image. Then, the SLIC algorithm is used to segment
the image,and the reliable background seed is selected from the boundary and the inside super pixel block is chosen to
construct the dictionary. Based on the dictionary, the sparse recovery of the whole image is achieved,and the initial sa-
liency map is generated according to the sparse recovery error. After that,the modified optimization model is used to op-
timize the initial saliency map. Finally, the final saliency map is obtained through multiscale fusion. Experimental results
on three public benchmark datasets show that the performance of the proposed algorithm is superior to the current

state-of-the-art methods. Meanwhile,it performs well in dealing with boundary saliency and has strong robustness.

Keywords Saliency detection,Sparse recovery,Saliency optimization
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Table 1 Performance comparison between modified model

and original model

Precision Recall F-measure

SPR  0.8739 0.8279 0. 8500
1 0. 8854 0. 9090 0.8795
2 0.9031 0.9018 0. 8936
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Table 2 Comparison of MAE values of different algorithms

SR GB RPCA PCA BFS DSR BSCA RBD Ours
ASD 0.2299 0. 2289 0.2090 0.1552 0.1885 0.1285 0.0809 0.0855 0. 0659 0.0549
MSRA 0.2422 0.2411 0.2265 0. 1889 0.2215 0. 1666 0. 1204 0.1312 0. 1106 0.1201
SED2 0. 2250 0.2436 0.2284 0.2015 0.2374 0. 1699 0.1388 0.1632 0. 1301 0. 1307
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Table 3 Comparison of AUC values of different algorithms
SR GB RPCA PCA LR BFS DSR BSCA RBD Ours
ASD 0.7651 0. 8858 0.8994 0.9702 0.9584 0.9702 0.9792 0.9783 0.9702 0.9810
MSRA 0.7553 0.8711 0. 8724 0.9481 0.9238 0.9481 0. 9530 0.9533 0. 9481 0.9527
SED2 0.8193 0. 8441 0.8536 0.9157 0. 8869 0.9157 0.9172 0.8965 0.9157 0.9441
T < dgc U 0 R B 9 43 S0 ML S R R 2 AR il
& 10 B T 3k 10 Pl A #2432 K, 3, up attention useful for object recognition? [CJ// IEEE Confe-
ﬂ]lg_lcjfxﬂ: IZFI L ﬁ J/ﬁi pidl E(J ﬁé z[: }J[] LA w‘é lﬁ ) F ’;ﬁ, 2 /I\ *ﬁ m ﬁé rence on Computer Vision and Pattern Recognition (CVPR).
ZK’JBE%LE [Zl{%ﬂ;ﬁﬁfﬂ“i‘fn H#%, LR, PCA, RBD. Washington DC,USAIEEE,2004.37-44.
DSR Jfﬁ(%ﬁ’ﬂ’l‘(v?{ﬂ'l 45 LR % 3 ﬂ:éﬁ 4 AT ;ﬁ' 5 /K T RE liency for lmagi]e classification[ C] / IEEE Lonferenche Zn Lolmp:f
s . . 5 ter Vision and Pattern Recognition (CVPR). Rhode Island,
A, B M B AR S ER0 P A 5 3h  fih oy SE R R AR USA.2012.3506-3513
SA. :3506-3513.
L S 2 25l B A SN 255 HH 22 ] B _
Sl 5k B TR SR SR W RN W S IR R 5 6 [6] HADIZADEH H,BAJI’C 1. Saliency-aware video compression
AN RS . 3 AN H A - Sl R
9 AR U A A K A7 AL PS8 2 0 H ARt HL S R A A [J].IEEE Transactions on Image Processing,2014,23(1):19-33.
G AR BE G i, JUHORES 9 AT e B BEMER [7] ITTIL,KOCH C,NIEBUR E. A model of saliency-based visual
5T XA 2R K, BSCA, RBD, DSR £ 75 19 A6 I & attention for rapid scene analysis[J]. IEEE Trans. on Pattern
R R I R R, T AR SCR I LR AR B R LA g 5 2 T R Analysis and Machine Itelligence,1998,20(11) :1254-1259.
T L S A Y R 2 PR H bR ELME A AN R T AR e v [8] MA Y.ZHANG H. Contrast-based image attention analysis by
- n--------- using fuzzy growing [ C] // Proceedings of ACM Multimedia.
2003:374-379.
[9] ZHAI Y,SHAH M. Visual attention detection in video se-
quences using spatiotemporal cues[ CJ // Proceedings of ACM
Multimedia. 2006 :815-824.
[10] HAREL J,KOCH C,PERONA P. Graph-based visual saliency
[C]// Proceedings of Neural Information Processing Systems.
2006:545-552.
mmmm mm [11] HOU X,ZHANG L. Saliency detection: a spectral residual ap-
proach[ C]//1EEE Conference on Computer Vision and Pattern
e e N N = P PN N ENENEN
“-n- m--ynyn Recognition (CVPR). Portland, USA,2007:801-808.
[12] LIU T,SUN J,ZHENG N,et al. Learning to detect a salient ob-
GB PRCA PCA LR DSR BFS RBD BSCA Ours
" ject[ C] / IEEE Conference on Computer Vision and Pattern
R R Es g
. E] 10 %‘ﬁ‘ﬁ(ﬁﬂ’]ﬁ(ﬂ H%X? K ] Recognition(CVPR). Minneapolis, USA,2007 :1-8.
Fig. 10 Comparison of detection results of different algorithms [13] HOU X.ZHANG L.Dynamic visual attention:Searching for
ZERIE 40 H AT TR 2N 0 BE R I s T 7R coding length increments[ J]. Advances in Neural Processing
FER3 T PR A 5 3 M B o System. 200821 :681-685.
A S0 I T R P X — AR N R B I A R [14] LAI J.MAI X. Saliency detection: Image Saliency detection with
Y Ve PRI AR YA ST B I, G O R T 3 T sparse representation of learnt texture atoms[ C]// TEEE Inter-
)[‘/*\{lﬂl | IR ] B[R A S AR = *@éﬁ{fjﬁ =3I national Conference on Computer Vision Workshop. 2015.
W) v N A ﬁ
Y BT A Sy T B P N 4 4 T i [15] BORJI A,ITTI L. Exploiting Local and Global Patch Rarities
P it 0 A A " e for Saliency Detection[ C] // Proceeding of IEEE Conference on
SR AR SCAEIRAT O (AL B YRRl LA T EUIE S Computer Vision and Patter Recognition. 2012:478-485.
> B A T Py == 2p
AR ek I Y DR AR AE B AR 5 2 S DL T RS IR [16] LI Y.ZHOU Y.XU L,et al. Incremental sparse saliency detec-
75 e \ Y S
LB CQINES € SR N/A I & R S R R RN S B N tion[ C] // Proceedings of IEEE International Conference on Ima-
BREEEAR R THEAMRFENRN, SRR, ge Processing. 2009 :3093-3096.
;_% % # [17] HAN B,ZHU H.,DING Y D. Bottom-up Saliency based on
weighted sparse coding residual[C]J // Proceeding of ACM Inter-
[1] RENSINK R,0O’ REGAN K,CLARK ]. To see or not to see: national Conference on Multimedia. 2011:1117-1120.
The need for attention to perceive changes in scene[ ]J]. Psycho- [18] LI X,LU H,ZHANG X. et al. Saliency detection via dense and
logical Science,1997,8(5) :368-373. sparse reconstruction[ C] // IEEE International Conference on
[2] DONOSER M,URSCHLER M,HIRZER M,et al. Saliency Computer Vision. 2013:2976-2983.
driven total variation segmentation[ C] // IEEE International [19] JIA C,QI J,LI X,et al. Saliency detection via a unified genera-
Conference on Computer Vision (ICCV). Xi” an, China, 2009 tive and discriminative model [ J]. Neurocomputing, 2016, 173
817-824. (P2):406-417.
[3] GAO Y.SHI M,DACHENG T F,et al. Database saliency for [20] WANG J,LU H, TONG N, et al. Saliency Detection via Back-

fast image retrieval [J]. IEEE Transactions on Multimedia,
2015,17(3):359-369.
[4] RUTISHAUSER U,WALTHER D,KOCH C,et al. Is bottom-

ground and Foreground Seed Selection[ ] ]. Neurocomputing.,
2015,152(C) :359-268.
(F#% 282 1)



282 it BB 2018 4
[8] YU G F,ZOU S W,QIN C. Application Research of Image Gray [12] L1Z T.XIE J X,ZHU G M,et al. Block-Based Projection Ma-

[9]

[10]

[11]

Information in Automatic Separation of Coal and Gangue[]]. In-
dustry and Mine Automation,2012,38(2) :36-39. (in Chinese)
T By ARk B, R RGO L 5 B TR AT A1 [ 3 43 3 T Y g
ML T A3fk.2012,38(2):36-39.

ZHANG F Z,ZHAO R Z,CEN Y G,et al. Adaptive Sparse Re-
covery Based on Difference Algorithm [J]. Journal of Computer-
Aided Design and Computer Graphics,2015,27(6):1047-1052.
(in Chinese)

KRS R EGE A SR A BT 22 00 0 W i BE 19 35 7 R vk
LI, THEE ML BY 3t 5 BB 4% 24 4R . 2015, 27(6) : 1047-1052.
WANG Y,ZHOU C,XIONG C Y,et al. Enhanced Block Com-
pressed Sensing of Images Based on Total Variation Using Tex-
ture Information[ J ]. Computer Science,2016,43(2):307-315.
(in Chinese)

BRI AR R AL R T B 3 AR 43 R U 1 TR 43 e
FEGR AP AL L[], TH R LR, 2016.,43(2) :307-315.

CAI X,XIE Z G, HUANG H W,et al. An Adaptive Reconstruc-
tion Algorithm for Image Block Compressed Sensing Under Low
Sampling Rate [J]. Journal of Chinese Mini-Micro Computer
Systems,2016,37(3):612-616. (in Chinese)

SO0 IE DG B AR L AL — T 1 AT R R SR IR R S B 4 R
BB ] AN R RO SRR 5, 2016,37(3) :612-616.

[13]

[14]

[15]

[16]

trix Design for Compressed Sensing[ ] ]. Chinese Journal of Elec-
tronics,2016,25(3) :551-555.

GAO C C,HUI X W. GLCM-Based Texture Feature Extraction
[J]. Computer Systemsand Applications,2010,19(6):195-198.
(in Chinese)

PR BRSBTS AR A I 1 SR AE SR IR . 3T S AL
Z Y0 ,2010,19(6) :195-198.

FENG ] H, YANG Y J. Research on Extracting Texture Fea-
ture Image Based on Co-occurrence Matrix[]J]. Beijing Survey-
ing and Mapping,2007(3):19-22. (in Chinese)

T A B . kT R M A R IV R B S0 R A R AR B 5T
(1], dEmTi 4 . 2007(3) £ 19-22.

WANG R F,JIAO L C, LIU F, et al. Block-Based Adaptive
Compressed Sensing of Image Using Texture Information []J].
Electronic Journal,2013,41(8):1506-1514. (in Chinese)
FAEIT R A, X 05 AR T SOE B R 4 e B N
AT AT 244, 2013,41(8) 1 1506-1514.

LANG L Y,WANG Y,LI S Q. Image Reconstruction Based on
Improved OMP Algorithm in Compressive Sensing [ J]. Video
Engineering,2015,39(6) :8-12. (in Chinese)

REFISE £ 55, 28 28, Sk T R 45 JB OMP ol #5703k 19 B R
HLI]. AR ,2015,39(6) :8-12.

(E45% 263 )

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

ZHU W,LIANG S,WEI Y,et al. Saliency optimization from ro-
bust background detection[ C]// IEEE Conference on Computer
Vision and Pattern Recognition ( CVPR). Columbus, USA:
1IEEE,2014:2814-2821.

LU S, MAHADEVAN V, VASCONCELOS N. Learning Opti-
mal Seeds for Diffusion-Based Salient Object Detection[ C]J //
Computer Vision and Pattern Recognition. IEEE, 2014 2790-
2797.

ACHANTA R,SHAJI A,SMITH K,et al. Slic superpixels
compared to state-of-the-art superpixel methods [ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2012,34(11):2274-2281.

ZHANG Q,SHEN X,XU L,et al. Rolling Guidance Filter
[M]// Computer Vision-ECCV 2014, 2014 ;815-830.
TIBSHIRANI R. Regression shrinkage and selection via the las-
s0: A retrospective ] ]. Journal of the Royal Statistical Society,
2011,73(3):267-288.

LU S, MAHADEVAN V, VASCONCELOS N. Learning Opti-
mal Seeds for Diffusion-Based Salient Object Detection[ C] //
Computer Vision and Pattern Recognition. IEEE, 2014 . 2790~
2797.

MARGOLIN R, TAL A, ZELNIK-MANOR L. What makes a
patch distinct? [C]//IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Portland, USA,2013:1139-1146.
SHEN X,WU Y. A Unified Approach to Salient Object Detec-
tion via Low Rank Matrix Recovery[]]. Computer Vision and
Pattern Recognition,2012,23(10) :853-860.

YAN J,ZHU M,LIU H,et al. Visual Saliency Detection via
Sparse Pursuit [ J]. IEEE Signal Processing Letters, 2010,
17(8) :739-742.

QIN Y.LU H,XU Y,et al. Saliency detection via cellular au-
tomata[ C]//IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Boston, USA,2015:111-119.

[31]

[32]

[33]

[34]

[36]

[37]

[38]

[39]

[40]

KIM T H,LEE K M,SANG U L. Learning Full Pairwise Affi-
nities for Spectral Segmentation[ ]J]. IEEE Transactions on Pat-
tern Analysis & Machine Intelligence.2013,35(7):1690-1703.
ACHANTA R.HEMAMI S,ESTRADA F.,et al. Frequency-
tuned salient region detection[ C] // IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Miami, USA:
IEEE.2009:1597-1604.

LIU T,SUN J,ZHENG N,et al. Learning to detect a salient ob-
ject[J]. IEEE Transactions on Pattern Analysis and Machine In-
telligence,2011,33(2) :353-367.

ALPERT S,GALUN M,BRANDT A,et al. Image segmenta-
tion by probabilistic bottom-up aggregation and cue integration
[J]. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,2012,34(2) :315-327.

LI G,YU Y. Visual Saliency Detection Based on Multiscale Deep
CNN Features[ ]J]. IEEE Transactions on Image Processing A
Publication of the IEEE Signal
25(11):5012-5024.

LI G,YU Y. Deep Contrast Learning for Salient Object Detec-

Processing Society, 2016,

tion[ CJ // Computer Vision and Pattern Recognition. TEEE,
2016:478-487.

LIU N, HAN J. DHSNet: Deep Hierarchical Saliency Network
for Salient Object Detection[ C]// Computer Vision and Pattern
Recognition. IEEE,2016:678-686.

ZHANG P,WANG D,LU H,et al. Amulet: Aggregating Multi-
level Convolutional Features for Salient Object Detection[ ] ].
eprint arXiv:1708. 02001.

GOPALAKRISHNAN V,HU Y,RAJAN D. Random Walks on
Graphs for Salient Object Detection in Images[]]. IEEE Tran-
sactions on Image Processing A Publication of the IEEE Signal
Processing Society,2010,19(12) :3232-3242.

YANG C,ZHANG L,LU H,et al. Saliency Detection via Graph-
Based Manifold Ranking [ C] // Computer Vision and Pattern
Recognition, IEEE,2013.:3166-3173.





