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Abstract. Image understanding is a simple task for a human observer. Visual 
attention is automatically pointed to interesting regions by a natural objective 
stimulus in a first step and by prior knowledge in a second step. Saliency maps 
try to simulate human response and use actual eye-movements measurements as 
ground truth. An interesting question is: how much corruption in a digital image 
can affect saliency detection respect to the original image? One of the contribu-
tions of this work is to compare the performances of standard approaches with 
respect to different type of image corruptions and different threshold values on 
saliency maps. If the corruption can be estimated and/or the threshold is fixed, 
the results of this work can also be used to help in the selection of a method 
with best performance. 
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1 Introduction 

The problems of automatic categorization and understanding of digital images is still 
open even tough for a human observer are quite simple problems to solve. Humans 
use both purely visual features (pre-attentive) and prior knowledge on the world to 
assign a sense to a picture.  

The term saliency refers to visual characteristic of interest for a human observer. 
The aim of visual saliency detection methods is to build a saliency map that tries to 
replicate the human visual system (HVS) behavior in the visual attention process. 
Salient parts of a scene are those regions that create a strong visual response and po-
larize attention. Human attention is the sum of factors coming from two different 
stimuli: the first one depends exclusively on the characteristics of the image, the 
second one is subjective for the observer and is related to his will (it is task-
dependent). The objective stimulus (pre-attentive) is excited by the physical characte-
ristics such as brightness, color, shape and has a bottom-up activation. In many situa-
tions, however, the largest contribution is given by the top-down process, because the 
focus of the attention is largely influenced by the knowledge obtained by learning the 
probabilistic structure of the scene. 

Methods of the state of the art observe the actual behavior of human eye tracking 
its movements with special glasses (eye-tracker) and use observed movements as 
benchmark for proposed approaches. In most cases, the image quality is not men-
tioned in saliency map generation. 
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In this paper we want to investigate the robustness of some popular visual saliency 
methods against image degradation, such as jpeg compression and noise. In the next 
sections of the paper we try to answer this question by analyzing the performances of 
some saliency map generation algorithms with respect several kind of image corrup-
tions. A similar work is [10], that focus on the performances of several saliency mod-
els on a corrupted database [11] for the quality assessment of digital images. Authors 
performed the analysis of the ROC and other metrics using five different saliency 
extraction methods in blurred, compressed (JPEG) and noisy images. In this case the 
benchmark dataset is formed by the results of eye-tracking both in original than in 
distorted images. The remainder of the paper is organized as follows: Section 2 shows 
related works in this field both in saliency extraction than in methods comparison; 
Section 3 describes which metrics can be used in saliency performance evaluation; 
Section 4 gives the result of different methods on original and corrupted images. Sec-
tion 5 contains conclusions. 

2 Visual Saliency Estimation 

Models for visual saliency detection and extraction are inspired by human visual sys-
tem and tend to reproduce the dynamic modifications of cortical connectivity for 
scene perception. Generally Saliency approaches can be divided in three main groups: 
Bottom-up, Top-down, Hybrid.  

In Bottom-up methods, human attention is considered a cognitive process that se-
lects most unusual part (i.e. distinct objects, contours) of an environment while ignor-
ing most common aspects (i.e. uniform background).  

A fundamental bottom-up and stimulus driven approach, proposed by [1], for Sa-
liency detection adopted multi-scale analysis of the image. Multi-scale image features 
are combined into a single topographical saliency map. A dynamical neural network 
selects attended locations in order of decreasing saliency.  

Harel [2] saliency method is based on a biologically plausible graph based model, 
consists of two steps: activation maps on certain feature channels and normalization 
which highlights conspicuity. The method proposed in [3] is based on parallel extrac-
tion of different feature maps using center-surround differences. 

In Top-down approaches [4,5] the visual attention process is considered task de-
pendent, and the observer's expectations and wills analyzing the scene are the reason 
why a point is fixed rather than others. 

Generally Hybrid systems for saliency use the combination of bottom-up and top-
down stimulus. In many hybrid approaches [6,7] Top-down layer is used to refine the 
noisy map extracted from Bottom-up layer. For example the top-down component in 
[6] is face detection. Chen et al. [7] used a combination of face and text detection and 
they found the optimal solutions through branch and bound technique.   

A state of the art well known hybrid approach was proposed by Judd et al. [8] in 
addition to database [9] of eye tracking data from 15 viewers. Low, middle and high-
level features of this data have been used to learn a model of saliency.  

 



 Why You Trust in Visual Saliency 591 

 

A comparative study that evaluates the performances of 13 state-of-the-art saliency 
maps has been reported in [12]. Test images are composed of a target object and a 
cluttered background and the conspicuity of the image is assumed to rely in the target 
area. A new metric is also proposed and compared with previous models. 

The work [13] is a short survey on current state of the art. It contains some formal 
definitions on three different type of approaches (bottom-up, top-down, hybrid) and 
an overview on existing methods. Then, authors offer a description of publicly availa-
ble datasets and the performance metrics used. Finally there is a description of the 
computational methods used in previous described literature of saliency extraction. 

3 Metrics 

Benchmarks in saliency extraction are formed by a list of fixation points and a con-
tinue map representing how much a pixel is salient. Generally, this map is obtained 
convolving a gaussian filter across the real points. On the other hand, saliency extrac-
tion methods give as result a map showing the value of the saliency for each pixel of 
the image. Using the continue ground truth as the reference one permits only an ap-
proximate comparison. A deeper investigation include the analysis using several  
thresholds on the map, so appreciating the similarity of the results centering on blobs 
corresponding to real fixation points. In experimental results section a deeper analysis 
about the robustness of saliency extraction methods against image degradation is  
given. We performed several experiments using different approaches of saliency 
computation. 

3.1 Considered Metrics 

There are many ways to compare two, normalized, saliency maps. Assuming that a 
pixel shows "positive" result if his value is over a threshold and a "negative" result 
otherwise, the classical information retrieval can be used. 

Most known metrics are: 
 

• Precision (P): the ratio of true positives (TP) and the sum of true positives 
and false positives (FP). It measure how much the pixels considered as sa-
lient in the computed map are salient also in the ground truth.  

  (1) 

• Recall (R):the ratio of true positives and the sum of true positives and 
false negatives (FN). It measure how much the regions considered as sa-
lient in the ground truth are present in the compared map. 

   (2) 
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Observing this values, it is possible to notice that Bottom-up methods (GBVS, 
ITTI) show better performances with lower level of thresholding (0.1 to 0.50) in P, 
DM and FM metrics and TORRALBA exceed others only in R. On the other hand, 
TORRALBA method normally gives a more sparse map (covering a large part of the 
image) so high values of recall is an expected result. TORRALBA method outper-
forms ITTI and GVBS with high values of thresholding. Its resulting map, using vari-
ous low- mid- and high- level features, covers a large part of the image but contains 
high concentrated saliency values in blobs close to the actual fixation points. 

 

Fig. 2. Graphs of P, R, DM and FM for different thresholds 

4.2 Effect of Noise 

In this section we study the effect of additive noise in saliency calculation. The sa-
liency map of the original image of [8] is compared with the one extracted from eight 
noisy versions: four with Gaussian noise and four with salt and pepper noise having 
variance 0.01, 0.1, 0,5 and 1 respectively. Larger is the variance, stronger is the cor-
ruption of the image. 

In Table 1 P, R and FM values are shown for GBVS, ITTI and TORRALBA me-
thods. The results show that R of all methods increases with noise because the result-
ing maps are more sparse and cover a larger part of the image. Results for 
TORRALBA are the best ones. On the other hand, P has better results with bottom-up 
approach for low thresholds (and best performer GBVS) but TORRALBA is prefera-
ble for higher values and is generally more stable with noise, leading to a P value 
similar to the original in noisy images. GBVS shows the best result for low thresholds 
and always outperforms ITTI;TORRALBA is less affected by noise, giving best  
results only for high thresholding. 
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Table 1. Performances of GBVS, ITTI and TORRALBA with noise introduction  

 

4.3 Effect of Compression 

In this section are presented the performances using compressed (JPEG) images. The 
maps are calculated using the compressed version of the original image with different 
quality factors. Results of P for GBVS and TORRALBA methods are shown in fol-
lowing figures. Results for ITTI are not shown because similar to GVBS.The visual 
effects of compression depend on morphological surface of the images, for this reason 
we analyzed several effects on images with very different morphological surfaces. 
The testset we used consists of a lot of images with very different background and 
foreground compositions: a simple object in the foreground and a homogenous back-
ground, many object in the foreground and a chaotic background.  

The results show that, in terms of P and R, saliency methods are robust against  
different compression rates. In practical terms this means that substantially the  
jpeg compression do not affect the performance of saliency detection methods. In 
greater details, GBVS approach overcomes the others method Precision results, while  
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TORRALBA shows the lower Precision values. On the other side, TORRALBA 
shows the higher values of Recall (because, generally the resulting saliency maps 
cover larger regions of the image) that, however, are close to GBVS and ITTI ones.  

Furthermore, observing preliminary experimental results, we notice that, for every 
methods, Precision values of saliency maps with several thresholds are really close to 
each other.  

Table 2. Performances of GBVS and TORRALBA with compressed images 

 

5 Conclusions and Future Works 

In this paper we investigated the robustness of visual saliency methods against image 
corruption (additive noise and image compression). We compared the results of three 
popular saliency estimation methods with a ground truth that consists of real fixation 
maps. Several experiments have been conducted in order to analyze the effect of im-
age corruptions in the resulting saliency maps, we focus our attention on additive 
noise (salt & pepper, gaussian noise) and jpeg compression.  

As we expected, statistical accuracy measures of saliency maps decreases with re-
spect to increasing global spatial distribution of noise into the images, GBVS method 
outperforms the other approaches showing accuracy values very close to the original 
values (i.e. the comparison between the real fixation maps and the saliency maps of 
the original images). Otherwise, the effects of jpeg compression depend on some 
features, such as the morphological surface of the image and the level of complexity 
of the scene. For this reasons we investigated on the performances of saliency detec-
tion methods and the rate of image compression: by observing preliminary results we 
noticed that jpeg compression substantially do not affect the performance of saliency 
detection methods.  
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It also would be interesting to analyze the relationship between the color quantiza-
tion and the single steps of image compressions and the visual perception. In future 
works, we also want to extend this analysis to a larger set of images under varying 
conditions.  
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