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Robust Salient Object Detection Model for Nighttime Images
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Abstract: Human visual attention based saliency model is an effective way for the active perception of important information in image,
and it can play an important role for exploring large-scale perceptual information organization in the early stage of visual cognitive
process. However, nighttime images usually have low signal-to-noise ratio and low contrast properties. Conventional salient object
detection models may face great challenges in this scenario, such as noise influence, and weak texture blur. This paper proposes a region
covariance and global search based salient object detection model for nighttime images. The input image is firstly divided into superpixel
regions to estimate their covariance. Then, covariance feature based local saliency and global search based image saliency can be
calculated respectively. Finally, a graph-based diffusion process is performed to refine the saliency maps. Extensive experiments have
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been conducted to evaluate the performance of the proposed method against eleven state-of-the-art models on five benchmark datasets and
a nighttime image dataset.
Key words: visual saliency; object detection; region covariance; global search; nighttime image
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Fig.1 Results of the state-of-the-art saliency models
K1 2T AR ol 5 o A AR R 1) 5 R X L

2 15 B PR RFE XS LU BE S T ) 47 35% vl 140 5 35 P SR W0 A 25 T 2 1 P O SR i A P R R T
e A R ) PR S 5 TR ALE R L PR T2 T S e b A o 068 75 9 1 Sk X 5 T 4 Y 45 R A S
P T P T DIy 2 A G Je 1 R VA IR A IR P 45 S S S A U A AR (1) 2SR A O T AT



2618 Journal of Software #kf+34&k Vol.29, No.9, September 2018

ARy S P R A L IR IR AR By 25 R B R TR 1) R RAE 5 56 12 S0 0 5 AR B, B AT
(A AR AN T AT A I o s 45 4 R 8 3R BV BB A7 28040 1 80 i) PR v 1) 1 S M 7 Tt O 77 0 4 1 4SS 7Y
(A 2 E, AT & T TR T — AN ) G B S I A 6 AN S 10 S 6 DA, e AT T 2 R 5 W 1 T 4
A R T AR AR S 11 R E A S R ) v A
AR SCHR H PR S B 4 AL IR
(1) BN EREEAT AR B OR B A A S
(2) FIEEEMBRFAE (RS 71y BRGS0 P J7 2 RERAE, 8 Jod =l 42 1P Rl 45 A SRR A SR 3 7 48 T7) A& 11
BEME R,
(3) N B FE B g L AR R AR 3% P R ) DX s By 7 2 ke T SR R S k3 v AR G A A SR R R AR
PR FEAG 2 B 0 2 5 L 45 6 R R 4 JR) 5 1k e A Ak o S 7S e, AT 5 H k2 e S i 4l
FE R,
(4) I R RO RERORS R AR R R 1 A
AN SR 1A R T P A k2 ot S A T A5 R P A 2 4 P 2 o

LR Hlbfi bt il PLIE I #1e it A

KM E

Fig.2 Overview of the proposed model for salient object detection for nighttime images
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Fig.7 TPR and FPR performance of the proposed model and eleven saliency models on the six datasets
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Table 1  AUC performance of the proposed model and eleven saliency models on the six datasets
F 1l ASCERHIBIRLE HAL 11 AN R B 6 Bl 4 L AUC B 45 2R
NP IS LR CA PD  GBMR SO BL BSCA  GL GP Ours
MSRA 0.8267 0.7990 0.9107 0.8535 0.9525 0.9368 009465 0.9503 09423 0.9551 0.9667 0.9772
SOD 07473 0.7256 0.7710 07853 0.8063 0.7796 07878 0.8371 0.8367 0.8119 0.8387 0.8548
CSsD 0.7674 0.6750 0.8688 0.8029 0.8873 0.8898 0.8882 0.9262 0.9258 0.9043 0.9279 0.9409
DUT-OMRON 0.8325 0.8162 09291 0.8633 09511 0.9283 0.9483 009606 0.9486 09481 0.7921 0.9742
PASCAL-S 07441 0.6772 06756 0.7563 0.8060 006719 0.6510 0.6889 0.7175 0.8203 0.7359 0.8505
NI 0.7734 0.7330 0.8146 06408 0.6156 0.6028 0.5679 0.6844 0.6199 0.6884 0.7676 0.8468
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Fig.8 Precision, recall, and F-measure performance of the proposed model
and eleven saliency models on the six datasets
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Fig.8 Precision, recall, and F-measure performance of the proposed model
and eleven saliency models on the six datasets (Continued)
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Table 2 MAE performance of the proposed model and eleven saliency models on the six datasets
2 AT S A 11 A4S B ERAE 6 DB AR LI MAE P45 R

NP IS LR CA PD GBMR SO BL BSCA GL GP Ours
MSRA 0.3934 0.2668 0.1889 0.2550 0.1512 0.0846 0.0753 0.1215 0.0813 0.1124 0.0784 0.0643
SOD 04330 0.3544 0.2959 0.3029 0.2587 0.2514 0.2120 0.2401 0.2557 0.2499 0.2459 0.2104
CSSD 0.4214 04122 02201 02866 0.2430 0.1642 0.1531 0.1943 0.1604 0.1820 0.1639 0.1464

DUT-OMRON 0.3866 0.2804 0.2116 0.2204 0.1542 0.0826 0.0788 0.1631 0.1027 0.1244 0.1876 0.0710
PASCAL-S 04356 0.3709 0.3146 0.3208 0.2649 0.2894 0.2811 0.3107 0.2946 0.2507 0.2941 0.2247
NI 0.1941 0.1933 0.2437 0.1928 0.1745 0.2643 0.1997 0.3234 0.2855 0.2431 0.2681 0.1507

SIS MR TE MATLAB AT EE R 48 F 22 4% 12GB P A£R1 G2020 CPU M A &S WL IN. £ 3AH T
RSO AR TR R A, 10 MR B AT I (7).

Table 3 Run-Time performance of the proposed model and eleven saliency models on the six datasets (s)

R 3 ASCHRHIBI L oAb 11 A B PERAE 6 A Hdin £ B (KIs AT I A (%)
NP IS LR CA PD GBMR SO BL BSCA GL GP Ours
MSRA 2.055 0.442 45.339  47.506 15.885  1.116 0.127 42340 1.622 7.855 1.710 3.083
SOD 11.322  2.097 41.670 52.003 11.370  5.097 0.226 64507 1.755 9.503 2.323 3.022
CSSD 3.605 0.302 39.556  66.320 12.037  1.704 0.256  52.334 1.305 9.066 1.295 3.104
DUT-OMRON 6.013 1.226 23.305 55.070 32115 1.622 0.165 66.310 1.413 11.552 2.107 2.998
PASCAL-S 13.065 1.126 51.009 71.215 29.547  1.070 0.211 66.335 1.510 12.037 3.406 3.067
NI 18.316  4.954 216.16 135.16  41.066  2.775 0.204  156.30 2.965 25.302 7.555 5.609
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Fig.9 Subjective comparison of saliency maps using the proposed model
and eleven saliency models on the six dataset
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