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1 Introduction

This supplementary material accompanies the paper “Salient Object Detection:
A Benchmark” at ECCV 2012. It provides more details on comparison of saliency
detection models. It also contains some illustrative figures.

In this work, as the initial seed, we focus on those models that are easily
accessible, attained good accuracies, or have been highly referred. Software for
some models was already available online. For others, we contacted their creators
for the code; the authors then either sent us the source code to compile or
the executables. Some authors, however, preferred to run their models on our
stimuli and hence send us back the saliency maps. In order to achieve a thorough
model comparison, we intend to open an online challenge where modelers could
contribute by submitting their results.

We compare three categories of models: 1) those aiming to detect and segment
the most salient object in a scene (emphasized more here), 2) active segmentation
approaches, and 3) models that address fixation prediction. Table 1 shows the
list of models from the first two categories, and table 2 shows category 3.

Fig. 1 shows accuracy of a combined model built from the best two models
(here CBSal and SVO) versus the combined model built from the three best
models (RC, SVO, and CBSal). As it can be seen there is not much difference
between two types of combinations (best two and best three) indicating effec-
tiveness of our combination approach.

Fig. 2 shows precision-recall curves of all models (from both categories) over
small (ascending) and large (descending) objects for all datasets mentioned in
the paper.

Fig. 3 shows all four scores of models over ASD dataset for small (ascending)
and large (descending) objects.

Fig. 4 shows precision-recall curves of models over least consistent and most
consistent images for all datasets with multiple annotations (all except ASD
which has only one annotation). Since SED datasets have 100 images, we sorted
stimuli for each dataset (SED1 and SED2) and calculated scores for first and
last 50 images.

Fig. 5 shows all four scores of models with saliency maps smoothed with
two Gaussian sizes (5 and 15). G=0 means no Gaussian smoothing (original
saliency maps). Fig. 6 shows F-measure and AUC scores of models with three
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[#][[Acronym (Model) Ref.[Pub/Year [Code]Resolution] DB [Avl]
1 JTO: Inter Observer model - - M w X h All v
’2 HMAP: Mean Annotation Map - - ‘M ‘500 x 500 ‘ All ‘ v ‘
3 |[MZ: Ma and Zhang 52| [ACM-M /2003 S w X h ASD v
4 ||ILC: Zhai and Shah 18] |[ACM-M/2006 |C w X h All v
5 |[salLiu: Liu et al. 33] |CVPR/2007 M max 200 All v
6 [|[AC: Achanta et al. 14] [ICVS/2008 M w X h All v
7 ||MSSS: Achanta and SuSstrunk [56] |ICIP /2009 M w X h All v
8 ||[FTS: Achanta et al. 16] |[CVPR/2009 M w X h All v
9 ||EDS: Rosin 19] |PR/2009 C w X h All v
10|{|Gopalakrishnan et al. 34] |CVPR/2009 - - - -
11{|Marchesotti et al. 35| [ICCV/2009 - - - -
12||Valenti: Valenti et al. 40] |ICCV/2009 S w X h ASD/MSRA| v
13||Goferman: Goferman et al. 15] |CVPR/2010 M max 250 All v
14||PMehrani: Mehrani and Veksler [23] |BMVC/2010 S w X h ASD/SED1| v
15||Rahtu et al. 29| |[ECCV/2010 - - - -
16||Khuwuthyakorn et al. 28] [ECCV/2010 - - - -
17||Zhang et al. 21| |IEEE TOM/2010|- - -
18||JiaLiSal: Jia Li et al. 36| |LJCV/2010 S (wx h)/16 |[ASD/MSRA| v
19||LiulCIP: Liu et al. 54] |ICIP/2010 S w X h ASD v
20||MichalGazit: Gazit et al. 37] |ECCV-W/2010 |M w X h All v
21||DAKIlein: Klein and Frintrop 25| |ICCV/2011 S w X h All v
22||MengW: M. Wang et al. 18] |CVPR/2011 S w X h ASD v
23||Feng et al. 22| [ICCV/2011 - - -
24||Deng and Luo 39] |OE/2011 - - - -
25||Lu et al. 24] |ICCV/2011 - - - -
26||L. Wang et al. 26| |ICCV/2011 - - - -
27|[SVO: Chang et al. 27] |ICCV/2011 M w X h All v
28||CBsal: Jiang et al. 31} |BMVC/2011 M w X h All v
29||RC: M.M. Cheng et al. 13] |CVPR/2011 C w X h All v
30||/HC: M.M. Cheng et al. 13] |CVPR/2011 C wXh All v
31|(Materias: Li et al. 36| IBMVC/2011 M w X h All v
32||LiulETIP: Liu et al. 43| [IEEE TIP/2011 |S w X h ASD v
33|[Mishra: Mishra et al. 50] [PAMI/2011 C w X h All v
34||SRS1: Siagian and Koch 51| |Submitted. C w X h All v

Table 1. Compared salient object detection models (checked) sorted chronologically.
Abbreviations: {M: Matlab, C: C/C++, E: Executables, S: Sent saliency maps}. w and
h: image width/height.

#[[Acronym (Model) Ref.[Pub/Year [Code[Resolution [DBJAVL
1 [[ITTI: Itti et al. 2] |[PAMI/1998 |C w/16 X h/16| All| v
2 ||ITTI98: Itti et al. (maxNorm) [2] |PAMI/1998 |C w/16 x h/16| All| v
3 ||AIM: Bruce and Tsotsos 4] |NIPS/2005 |M w/2x h/2 |All| v
4 ||GBVS: Harel et al. 3] |NIPS/2006 |M w X h All| v
5 ||[HouCVPR: Hou and Zhang [5] |CVPR/2007 M 64 x 64 All| v
6 [[HoulNIPS: Hou and Zhang 6] |NIPS/2008 |M w X h All| v
7 ||[SUN: Zhang et al. 10] [JoV/2008 |M w/2x h/2 |All| vV
8 ||PQFT: Guo and Zhang 57] |TiP/2009 |M 400 x 400 Al v
9 ||SEO: Seo and Milanfar 8 [JoV/2009 |M w X h All| v
10||AWS: Diaz et al. 7] |ACIVS/2009|M w/2x h/2 |All| vV
11||Judd: Judd et al. 1] [ICCV/2009 M w X h All| v

Table 2. Compared saliency models originally developed for eye fixation prediction.
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cases: 1) non-smoothed saliency maps (Gauss = 0), 2) saliency maps smoothed
with Gauss = 5, and 3) maps smoothed with Gauss = 15. While there are slight
changes in scores across different Gaussian sizes, model rankings and thus our
qualitative conclusions in the paper stay the same (are not affected).

Fig. 7 shows results of our analysis of model similarity over all datasets. First
column shows the 2D space layout for models. Please note what matters here is
the distance between models and not exact locations. Second column shows the
amount of variance in data that could be explained by retaining x dimensions
(x-axis). Third column shows the 3D similarity representation. Fourth column
shows similarity matrix among models.

Fig. 8 shows consistency analysis (for 100 least and 100 most consistent
images in terms of annotation) over the MSRA dataset.

Fig. 9 shows analysis of object size over model scoring for the MSRA dataset.

Fig. 10 shows consistency analysis results over the SED2 dataset (50 most
and 50 least).

Fig. 11 shows object-size analysis over SED2 dataset (for 50 smallest and 50
biggest objects)..

Fig. 12 shows object-size analysis over the SED1 single-object dataset (for
50 smallest and 50 biggest objects).

Fig. 13 shows consistency analysis over SOD dataset. There are 300 images
in SOD dataset and we chose 100 least and 100 most consistent images in terms
of annotation.

Fig. 14 shows object-size analysis over the SOD (for 100 smallest and 100
biggest objects).

Fig. 15 shows Gaussian smoothing of saliency maps for six models (CBsal,
SVO, HC, RC, SRS1, and Mishra). Results are shown for all four scores (PR,
F-measure, ROC, and AUC) over the ASD dataset.

Fig. 16 show the 5 easiest and 5 most difficult stimuli for 11 best models
according to the AUC score for images of ASD dataset. Figs. 17 and 18 show
human annotations and saliency maps of models, respectively.
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