
A large number of methods has been 
proposed for predicting where people look 
in scenes. But due to lack of an exhaustive 
coherent benchmarking system, to address 
several issues such as evaluation 
measures, center-bias, map characterstics, 
and data set bias, a lot of inconsistencies 
still exist. 
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1.Discussing current challenges and 
directions in saliency modeling such as 
evaluation matrices, dataset bias, model 
parameters, etc.!

2.Comparing 32 models and their pros and 
cons in a unified quantitative framework 
over 4 widely-used data sets for fixation 
prediction (for both regular and affective 
data) as well as scanpath prediction.!

3.Stimuli/task decoding using saliency and 
fixation statistics.
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Figure 1. A sample saliency map (from AWS model) smoothed by convolving with a variable-size Gaussian kernel for an image taken from
Toronto dataset.

Predicted Value
Event Face Nude Portrait Other

A
ct

ua
lV

al
ue Event 0.2756 0.0812 0.2197 0.1009 0.3226

Face 0.1204 0.2713 0.1320 0.2503 0.2260
Nude 0.2438 0.2054 0.1938 0.1262 0.2308
Portrait 0.1351 0.2161 0.1422 0.3664 0.1402
Other 0.2168 0.1703 0.1504 0.1087 0.3538

Table 6. AWS confusion matrix for stimuli decoding.

Predicted Value
Event Face Nude Portrait Other

A
ct

ua
lV

al
ue Event 0.2350 0.0836 0.0311 0.1714 0.4789

Face 0.1242 0.2429 0.0221 0.2344 0.3763
Nude 0.1215 0.0805 0.0295 0.4545 0.3140
Portrait 0.0584 0.0960 0.0419 0.6190 0.1847
Other 0.0920 0.0785 0.0037 0.1977 0.6280

Table 7. ITTI model confusion matrix for stimuli decoding.

References
[1] N.D.B. Bruce and J.K. Tsotsos. Saliency based on informa-

tion maximization. NIPS, 2005.
[2] T. Judd, K. Ehinger, F. Durand and, A. Torralba. Learning to

predict where humans look. ICCV, 2009.
[3] R. Subramanian, H. Katti, N. Sebe, M. Kankanhalli, and T.S.

Chua. An eye fixation database for saliency detection in im-
ages. ECCV, 2010.

[4] L. Itti and P. Baldi. Bayesian surprise attracts human atten-
tion. NIPS, 2005.

[5] G. Kootstra, A. Nederveen, and B. de Boer. Paying attention
to symmetry. BMVC, 2008.

[6] L. Zhang, M. H. Tong, T. K. Marks, H. Shan, and G. W. Cot-
trell, SUN: A Bayesian framework for saliency using natural
statistics. JOV, 2008.

[7] R. Peters, A. Iyer, L. Itti, and C. Koch. Components of
bottom-up gaze allocation in natural images. Vision Res., 45,
2005.

Model A
IM

AW
S

E-
Sa

lie
nc

y

Bi
an

En
tro

py

G
B

V
S

K
oo

ts
tra

Ta
va

ko
li

H
ou

C
V

PR
H

ou
N

IP
S

Itt
i

Ji
a

Li

Ju
dd

Le
M

eu
r

M
ar

at

PQ
FT

R
ar

ity
-G

R
ar

ity
-L

SD
SR

SU
N

Su
rp

ris
e

To
rr

al
ba

Va
ria

nc
e

V
O

C
U

S

ST
B

Ya
n

Y
in

Li

G
au

ss
ia

n
H

um
an

Toronto 0.
68

97
-2

0.
72

09
-2

0.
65

51
-3

0.
60

83
-3

0.
65

52
-4

0.
64

62
-1

0.
61

28
-3

0.
64

34
-1

0.
69

22
-4

0.
69

35
-1

0.
62

79
-4

0.
66

73
-1

0.
68

24
-3

0.
65

65
-1

0.
63

79
-3

0.
67

69
-3

0.
68

92
-3

0.
65

33
-3

0.
69

13
-4

0.
66

64
-3

0.
62

68
-3

0.
68

92
-4

0.
66

59
-4

0.
66

14
-4

0.
62

16
-4

0.
68

34
-2

0.
68

77
-4

0.
50

0.
73

NUSEF 0.
63

79
-4

0.
64

08
-2

- 0.
62

86
-2

0.
61

50
-5

0.
59

59
-1

- 0.
56

45
-1

0.
62

60
-5

0.
61

81
-4

0.
57

21
-7

- 0.
61

09
-4

- - 0.
61

04
-4

0.
62

49
-5

0.
59

65
-5

0.
60

68
-6

0.
60

89
-5

0.
58

78
-4

0.
62

92
-5

0.
61

74
-5

- 0.
55

70
-6

- - 0.
49

0.
66

MIT 0.
67

97
-3

0.
69

36
-1

0.
61

82
-1

0.
60

64
-1

0.
63

60
-4

0.
64

11
-1

0.
60

24
-2

0.
65

08
-1

0.
65

37
-4

0.
66

76
-3

0.
62

16
-4

0.
50

38
-1

3

0.
66

06
-3

0.
57

26
-1

0.
62

35
-3

0.
66

18
-3

0.
67

39
-4

0.
62

93
-5

0.
64

79
-7

0.
65

16
-4

0.
62

76
-4

0.
67

12
-4

0.
65

10
-4

0.
64

55
-5

0.
58

58
-5

0.
63

77
-3

0.
64

89
-2

0.
50

0.
75

KOOTSTRA 0.
59

18
-1

0.
62

50
-1

0.
56

47
-1

0.
57

45
-2

0.
56

89
-3

0.
56

50
-1

0.
55

83
-2

- 0.
58

62
-3

0.
59

49
-1

0.
57

97
-4

0.
55

66
-1

0.
59

26
-1

0.
56

58
-1

0.
54

36
-2

0.
57

70
-3

0.
60

79
-3

0.
57

82
-3

0.
59

78
-3

0.
56

11
-2

0.
58

13
-4

0.
58

92
-3

0.
57

94
-3

0.
59

50
-3

0.
55

68
-8

0.
58

06
-1

0.
59

27
-3

0.
5

0.
62

Table 1. Eye movement prediction accuracy of compared saliency models using shuffled AUC score over four datasets. Numbers after
dash shows size of the Gaussian kernel where a models take its maximum values (from 0.01 to 0.13 in steps of 0.01). For example, 4 for
0.04. Please note since NUSEF datasets contain stimuli that are not publicly and easily accessible due to copyright reasons, we avoid using
them. Thus, results are reported over 414 images from NUSEF dataset.

4

re-parametrization & well-defined bounds 
Other issues

upper bound lower bound nonlinear shifts

AUC x x —
KL — x x
CC x x —
NSS  x — —

Note: There are 4 different AUC metrics. sAUC is robust toward center-bias 
and border-effect. 
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Figure 13. Histogram of emotional valence for affective stimuli from the NUSEF dataset. Inset shows the histogram of images labeled as
negative, positive, and neutral in this dataset.

Figure 14. Illustration of the scanpath coding and evaluation for humans and models.
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Ref. [28] - - [32] [3] [33] [20] [6] [9] [10] [24] [7] [21] [11] [13] [13] [12] [8] [25] [23] [15] [18] [22] [2] [16] [14] [19] [17] [26] [34] [47] [38] -
Year - - - - 98 00 03 05 05 05 06 06 07 07 07 08 08 08 09 09 09 09 09 09 10 10 10 10 10 11 11 12 -
Code M M C C C C C C M M M S M M M M E M S M M M M M S M E E M 11 11 11 -

Category O O I I C C B C B/I I C G C S I I I C B C S S I P S G I C B B C I -
Torronto .50 .73 .66 .65 .63 .62 .69 .66 .63 .69 .62 .65 .66 .69 .65 .69 .69 .61 .67 .64 .68 .69 .69 .68 .61 .65 .68 .72 .67 .64 .64 .70 .66
NUSEF .49 .66 .62 .61 .57 .56 .63 - .59 .64 .56 .59 - .63 .60 .62 .63 - .61 - .61 - .61 .61 .63 - - .64 - .56 .57 .63 .60

MIT .50 .75 .65 .64 .62 .61 .67 .65 .63 .68 .58 .64 .57 .65 .63 .67 .65 .60 .65 .62 .66 .65 .65 .66 .61 .62 .64 .69 - .65 .65 .68 .64
Kootstra .50 .62 .58 .57 .58 .57 .59 .60 .58 .59 .57 .56 .57 .59 .58 .61 .59 .56 .56 .54 .58 .59 .60 .59 .57 .56 .58 .62 .56 - - .59 .58
Avg Rank - - 4.8 5.8 7.3 8.3 3 4.7 6.8 2.5 8.8 6.5 8 3.5 6 2.8 3.5 9.3 5.3 8 4.3 4 3.8 4 7 5.8 5 1 6.7 6.5 6.7 2.5 -

Table 1. Compared visual saliency models. Abbreviations are: M: Matlab, C: C/C++, E: Executables, S: Sent saliency maps. Note that STB [24] and
VOCUS [6] are two implementations of the Itti et al. [3] model. Numbers are maximum shuffled AUC scores of models by optimizing the saliency map
smoothness (Fig. 3). See supplement for optimal sigma values of Gaussian kernel � where models take their maximums (� from 0.01 : 0.01 : 0.13 in image
width). Model category belongs to one of these categories [30]: Cognitive (C), Bayesian (B), Decision-theoretic (D), Information-theoretic (I), Graphical
(G), Spectral-analysis (S), Pattern-classification (P), Others (O). We observe lower performance for the STB model compared with either ITTI or ITTI98
models over free-viewing datasets. Thus, it’s use instead on the ITTI model (e.g., for model-based behavioral studies) is not encouraged. We employ two
different versions of the Itti et al. model: ITTI98 and ITTI, which correspond to different normalization schemes. In ITTI98, each feature map’s contribution
to the saliency map is weighted by the squared difference between the globally most active location and the average activity of all other local maxima in the
feature map [3]. This gives rise to smooth saliency maps, which tend to correlate better with noisy human eye movement data. In the ITTI model [33], the
spatial competition for saliency is much stronger, and is implemented in each feature map as 10 rounds of convolution by a large difference-of-Gaussians
followed by half-wave rectification. This gives rise to much sparser saliency maps, which are more useful than the ITTI98 maps when trying to decide on
the single next location to look at (e.g., in machine vision and robotics applications). Kootstra dataset is the hardest one for humans (low IO agreement)
and models. Next hardest in the NUSEF dataset. Note that symmetry model of Kootstra can not compete with the other models over the Kootstra dataset
although there are many images with symmetric objects in this dataset. Numbers are rounded to their closest value (See supplement for more accurate
values). Borji et al. [30], results are on original images while here we report optimized results over smoothed images. In our experiments here we used the
myGauss=fspecial(’gaussian’,50,10) which was then normalized to [0 1]. In principle, sigma of smoothing Gaussian should be about 1� of the visual field.

0 2 4 6 8 10 12 14
0.5

0.52

0.54

Sh
uf

fle
d 

A
U

C
  (

sA
U

C
) s

co
re

Smoothing parameter (Gaussian size)

0.56

0.58

0.6

 

 

AIM

SUN

AWS

GBVS

HouCVPR

HouNIPS

ITTI

Judd

PQFTt

Model

AIM

SUN

AWS

GBVS

HouCVPR

HouNIPS

ITTI

Judd

PQFT

Gauss

0.585

0.587

0.598

0.569

0.588

0.584

0.531

0.543

0.591

0.50

max sAUC
 score

Figure 5. sAUC scores over emotional images of the NUSEF dataset.
Results on the right-hand table are the maxima over smoothing range.

top-performing models). The AWS model did the best over
all categories. HouNIPS, Judd, SDSR, Yan, and AIM also
ranked at the top. Faces are often located at the center while
nude and event stimuli are mostly off-center. Humans are
more correlated for portrait, event, and nude stimuli. A sep-
arate analysis over the Kootstra dataset showed that mod-
els have difficulty in saliency detection over nature stim-
uli where there are less distinctive and salient objects (See
supplement). This means that much progress remains to be
done in saliency detection over stimuli containing concep-
tual stimuli (e.g, images containing interacting objects, ac-
tions such as grasping, living vs. non-living, object regions
inside a bigger object i.e., faces, body parts, etc).

Behavioral studies have shown that affective stimuli in-

Mickey, positive, valence = 7.4Wolf, neutral, valence = 4.21Elderlywoman, negative, valence = 3.26 Watermelon, positive, valence = 7.04Firehydrant, neutral, valence = 5.24Harassment, negative, valence = 3.19

Img No:  4621 Img No:  2590 Img No:  1302 Img No:  7100

Img No:  1999 Img No:  7325

Figure 6. Sample emotional images with positive, negative, and neutral
emotional valence from NUSEF dataset along with saliency maps of the
AWS model. Note that in some cases saliency misses fixations.

fluence the way we look at images. Humphrey et al. [45]
showed that initial fixations were more likely to be on emo-
tional objects than more visually salient neutral ones. Here
we take a close look at model differences over emotional
(affective) stimuli, using 287 images from the NUSEF be-
longing to the IAPS dataset [46]. Fig. 5 shows sAUC
scores of 10 models over affective stimuli. These val-
ues are smaller than the ones for NUSEF (non-affective)
shown in Table 1. Our results (using shuffled AUC and
with smoothing similar to Table 1; see supplement) sug-
gest that only a fraction of fixations landed on emotional
image regions, possibly due to bottom-up saliency (inter-
action between saliency and emotion; AWS on emotional
= 0.59, non-emotional = 0.69). Models AWS, PQFT, and
HouNIPS outperform others over these stimuli. These mod-
els also performed well on non-emotional stimuli. Fig. 6
shows saliency maps of some emotional images.
Predicting scanpath: Not only humans are correlated in
terms of the locations they fixate, but they also agree some-
what in the order of their fixations [31, 32]. In the con-
text of saliency modeling, few models have aimed to pre-
dict scanpath sequence, partly due to difficulty in measuring
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Conclusions & Discussions
1. Our comparisons show that in general AWS, LG, 

HouNIPS, Judd, Rarity-G (smoothed version), AIM, and 
Torralba models performed higher than other models.	



2. Analysis of scores shows that CC and NSS suffer from 
center-bias and conclusions should not be based just on 
them. The shuffled AUC score tackles the center-bias 
issue with Gaussian model nearly at the chance level 
(sAUC ≃ 0.5).	



3. Some stimulus categories are harder for models (e.g., 
nature, nude, and portrait) which warrant more attention 
in future works.	



4. It is feasible to decode the stimulus category from a 
feature vector combined from saliency, saccade, and 
fixation statistics.	



5. Our results show a small gap (but statistically significant) 
between the best models and human performance.

Salience map
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