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1 |  INTRODUCTION

Image saliency detection plays an important role in image 
processing, which is widely used in many applications, in-
cluding image compression [1], image resizing [2], object 
recognition [3], and image segmentation [4]. With the growth 
of intelligent computer systems and the widespread applica-
tion of saliency detection, saliency detection methods need to 
imitate the human visual system [5] and extract high‐quality 
saliency maps to meet the present requirement.

The first research on image saliency detection is derived 
from the biology field. The most representative biological 
method is the saliency detection method proposed by Koch 
and Ullman, which focuses on color, brightness, orientation, 
and other biological structure features. The Itti's method [6] 

simulates the human visual attention mechanism and takes 
the contrast of foreground and background as the most sig-
nificant factor in attracting human attention. Some pure 
computational models are also proposed to detect image 
saliency and make the calculation easier using a computer. 
The frequency‐tuned (FT) method [7] uses multiple bandpass 
filters [8] with the same bandwidth to obtain the desired spa-
tial frequencies from the original image, and then uses the 
global region contrast method to compare each pixel with all 
other pixels in CIELAB space to extract the saliency map. 
Peng et al [9] proposed a structured matrix decomposition 
model with two structural regularizations, a tree‐structured 
sparsity‐inducing regularization, and a Laplacian regular-
ization to detect salient objects. Methods using pure calcula-
tion are proven to provide better results than those based on 

Received: 1 March 2018 | Revised: 18 January 2019 | Accepted: 12 March 2019

DOI: 10.4218/etrij.2018-0039  

O R I G I N A L  A R T I C L E

Image saliency detection based on geodesic‐like and boundary 
contrast maps

Yingchun Guo1 |   Yi Liu1 |   Runxin Ma2

This is an Open Access article distributed under the term of Korea Open Government License (KOGL) Type 4: Source Indication + Commercial Use Prohibition + Change 
Prohibition (http://www.kogl.or.kr/info/licen seTyp eEn.do).
1225-6463/$ © 2019 ETRI

1School of Artificial Intelligence, Hebei 
University of Technology, Tianjin, China
2Beijing Xinwei Group Co., Ltd, Beijing, 
China

Correspondence
Yingchun Guo, School of Artificial 
Intelligence, Hebei University of 
Technology, Tianjin, China.
Email: gyc@scse.hebut.edu.cn

Funding information
This research was supported by Natural 
Science Foundation of China (60302018, 
61806071, 61573356); Natural Science 
Foundation of Hebei Province, China 
(F2015820223); Tianjin Sci‐tech Planning 
Projects, China (14RCGFGX00846, 
17ZLZDZF00040); The Open Projects 
Program of National Laboratory of Pattern 
Recognition, China (201900043).

Image saliency detection is the basis of perceptual image processing, which is sig-
nificant to subsequent image processing methods. Most saliency detection methods 
can detect only a single object with a high‐contrast background, but they have no 
effect on the extraction of a salient object from images with complex low‐contrast 
backgrounds. With the prior knowledge, this paper proposes a method for detecting 
salient objects by combining the boundary contrast map and the geodesics‐like maps. 
This method can highlight the foreground uniformly and extract the salient objects 
efficiently in images with low‐contrast backgrounds. The classical receiver operating 
characteristics (ROC) curve, which compares the salient map with the ground truth 
map, does not reflect the human perception. An ROC curve with distance (distance 
receiver operating characteristic, DROC) is proposed in this paper, which takes the 
ROC curve closer to the human subjective perception. Experiments on three bench-
mark datasets and three low‐contrast image datasets, with four evaluation methods 
including DROC, show that on comparing the eight state‐of‐the‐art approaches, the 
proposed approach performs well.

K E Y W O R D S
boundary contrast map, geodesics‐like map, image saliency detection, ROC with distance

www.wileyonlinelibrary.com/journal/etrij
mailto:
http://www.kogl.or.kr/info/licenseTypeEn.do
mailto:gyc@scse.hebut.edu.cn


798 |   GUO et al.

biological principles. In recent saliency detection research, 
many graph‐based methods are proposed, and the represen-
tative method is reversion correction and regularized random 
method [10]. The reversion correction process is used to re-
move the boundary‐adjacent foreground superpixels, and the 
regularized random walk ranking model can obtain a pixel‐
detailed and superpixel‐independent saliency maps by prior 
saliency estimation.

The saliency detection methods mostly use the idea of 
contrast prior. According to the contrast, it can be catego-
rized as global region contrast methods or local region con-
trast methods [11]. In addition to the FT method, Cheng et al 
proposed the region‐based contrast (RC) method [12], which 
is a global region contrast method. Based on superpixel seg-
mentation, the RC method extracts saliency maps by using 
mid‐level cues to evaluate global contrast differences and 
spatial coherence.

Global region contrast methods calculate the saliency (sig-
nificance) of a pixel/patch by comparing the features of each 
pixel or superpixel to all the others in the image (with the 
whole image). For an image with a complex background, or a 
large saliency object, the discrimination between the objects 
and the background is not obvious. Moreover, it is difficult to 
highlight the object region; therefore, global region contrast 
methods have a disadvantage in the detection of images with 
a complex background or a large object. Based on the local 
region contrast, Achanta et al proposed the AC method [13], 
in which the center‐surround differences of luminance and 
color features are computed in the multiscale neighborhood, 
and these feature maps are fused in different scales to obtain 
the final saliency map. Local region contrast methods com-
pare the pixel/patch feature in the local neighborhood with 
the center pixel/patch. When the salient object is smooth, the 
pixels/patches inside the salient object cannot be highlighted 
uniformly because they have no obvious contrast with their 
local neighborhood; therefore, the local region contrast meth-
ods weaken the interior region of the salient object and fail to 
highlight the entire salient object uniformly.

In essence, the contrast prior‐based methods enhance the 
object regions or weaken the background regions by compar-
ing the difference between the salient object and the back-
ground. The salient object is called the foreground in the 
image. Saliency detection methods can also be classified as 
foreground prior‐based methods and background prior‐based 
methods. According to the characteristics that the foreground 
region is mostly not located in the image boundary, the RC 
method assigns higher weights to the regions closer to the 
center of the image.

Assuming that the image boundary mostly consists of the 
background, the background prior‐based methods accumu-
late the color and luminance differences among the adjacent 
regions and image boundary regions to obtain the saliency 
map [14]. Compared to the foreground prior‐based methods, 

the saliency map extracted in this way can weaken the com-
plex background and highlight the salient object effectively. 
In 2012, Wei et al proposed a geodesic saliency (GS) method 
[15]. Based on the background prior that the image boundary 
mostly consists of the background and the characteristic that 
most image patches in the background are connected, the GS 
method estimates the saliency of every patch by calculating 
the shortest distance between this patch and the image bound-
aries. The salient object obtained by the GS is complete and 
is highlighted uniformly; however, the GS method is not use-
ful for extracting salient objects in the images with a low con-
trast between the foreground and background.

To resolve the issues caused by the global region con-
trast and the local region contrast, based on the background 
prior, this paper proposes a boundary contrast method that 
can highlight the salient objects uniformly. According to the 
prior knowledge that the image boundary mostly consists of 
the background, we calculate the feature map by comparing 
the appearance distance between each patch within the whole 
image and the patches within the image boundary, which is 
called the boundary contrast map. The proposed saliency 
detection method estimates the visual saliency by fusing the 
boundary contrast map and the geodesic‐like maps. The pro-
posed geodesic‐like maps include a geodesic map with color 
contrast, and a geodesic map without color contrast. The 
geodesic map with color contrast accumulates the contrast 
of luminance and color components in the CIELAB color 
space, between the image interior and its boundary. It can ef-
fectively weaken the background connected to the boundary 
and reduce the phenomenon in which a complex background 
is wrongly highlighted. A geodesic map without color con-
trast can highlight the spatial feature of the image. By fusing 
these two maps with the boundary contrast map, the proposed 
method achieves an impressive performance on low‐contrast 
images. Figure 1 shows some saliency experimental results of 
the proposed method. The proposed method is marked OUR.

The current evaluation method of a receiver operating 
characteristics (ROC) simply compares the area difference of 
the object in the ground truth map with the saliency map, 
while it cannot reflect the human perception evaluation. An 
area difference at a distance from the salient object usually 
has a worse human perception than the area difference close 
to the salient object. Moreover, an area close to the salient 
object usually contains contextual information, where the 
context of the dominant objects is just as essential as the ob-
jects themselves [16]. Therefore, we add the distance factor 
to reduce the effect of the false detection.

In comparison with eight state‐of‐the‐art approaches and 
evaluation on three benchmark datasets, the proposed method 
is verified to extract salient object accurately, especially in 
images with complex backgrounds and low contrast.

This study focuses on the following. (a) We propose a 
geodesic‐like and boundary contrast‐based saliency detection 
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method. (b) Based on these, the salient objects in low‐con-
trast images can be highlighted effectively. (c) We propose an 
evaluation method, distance receiver operating characteristic 
(DROC), which can reflect the human perception better than 
ROC.

The structure of this paper is as follows: Section 2 presents 
the related work briefly, and Section 3 introduces the pro-
posed approach in detail. Section 4 describes the improved 
ROC evaluation method, DROC, proposed in this paper. 
Experimental results are compared with the results of eight 
state‐of‐the‐art approaches in Section 5. Finally, a summary 
is provided in Section 6.

2 |  RELATED WORK

Foreground prior‐based methods have made significant pro-
gress in saliency detection; however, they still need to be 
discriminative with human subjective recognition. Some 
researchers have diverted their focus in the opposite aspect: 
background prior. A geodesic is a typical representative 
method of background prior. In the GS method [13], Wei et 
al applied the geodesic to saliency detection and made break-
through progress. Subsequently, the manifold ranking (MR) 
[17] method proposed by Lu et al similarly employed the 
geodesic concept. We will make a brief introduction of these 
two methods in the following sections.

In the GS method, the main idea is that the image 
boundary mostly consists of the background and that most 

background regions can be easily connected to image 
boundaries. By comparing the color contrast between the 
patches of inside background and of inside foreground, the 
color contrast between the background and foreground is 
more significant. Therefore, the saliency of an image patch 
is calculated by the length of its shortest path to the back-
ground patches. Goferman et al used the context‐aware 
(CA) method [16] to compute the saliency of the boundary 
patches as their weights, and then compare the luminance 
and color between the adjacent patches. Then, when the 
difference is larger than a certain threshold, they set this 
difference as the geodesic distance; otherwise, it is set as 
zero. Finally, they obtain the saliency map by summing the 
shortest path and the weights of boundary patches. The sa-
liency map achieved by the GS method has a significant 
relationship with the saliency of the boundary patches, and 
it may be affected by errors in the saliency of the bound-
ary. Contrast accumulation will result in a background sur-
rounded by the foreground, which can be wrongly detected 
as the foreground. Further, there is no effect upon the low‐
contrast images.

According to the background and connectivity priority 
principle, the MR method considers that the background 
boundary is connected with at least one of the four image 
boundaries, and treats each side of the image as a background, 
computing the shortest distance between each background 
boundary and each image side to obtain four side‐specific 
maps. The four saliency maps are fused to generate a saliency 
map S by (1):

F I G U R E  1  Saliency maps using our method: (A) Original images, (B) ground truth (GT), and (C) OUR

(A)

(B)

(C)
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where St, Sb, Sl, and Sr are four side‐specific maps identified 
by taking the top, bottom, left, and right image boundary 
as backgrounds, respectively. As compared to the GS, this 
method reduces the error rate in the background detection, 
while for a complex background, it integrates the four side‐
specific maps. However, it is also difficult to achieve an ac-
curate saliency map on the low‐contrast image or an image 
whose background is surrounded by the foreground.

3 |  SALIENCY DETECTION 
BASED ON GEODESIC‐LIKE AND 
BOUNDARY CONTRAST MAPS

Global region contrast methods and local region contrast 
methods cannot uniformly highlight an entire salient ob-
ject. The geodesic‐based methods have difficulty in ex-
tracting the background from its surrounding foreground 
from within the image. Further, based on the foreground 
prior or background prior, most saliency detection methods 
cannot achieve accurate saliency mapping for low‐contrast 
images.

In this paper, we introduce a method for saliency detec-
tion based on geodesic‐like and boundary contrast maps. 
Based on the background prior, assuming the image bound-
ary to be background, the proposed method compares each 
patch in the whole image with the background. Linear fu-
sion is used to integrate the boundary contrast map and the 
geodesic map with color contrast. It then takes the corre-
sponding geodesic map (without color contrast as weights) 
to extract the final saliency map. The proposed boundary 
contrast method can highlight the salient objects and parts 
of the background. The geodesic‐like map includes a geo-
desic map with color contrast and a geodesic map without 
color contrast. The geodesic map with color contrast can 
weaken the background connected to the boundary, and it 
reduces the phenomenon in which a complex background is 
wrongly highlighted by accumulating the contrast of lumi-
nance and color in the boundary part and within the image. 
Meanwhile, the problem that a background surrounded by 
a foreground is wrongly detected as the foreground can be 
solved by the boundary contrast method. A geodesic map 
without color contrast, which contains the space character-
istic, can further highlight the salient objects. The proposed 
method can detect salient objects effectively in low‐contrast 
images.

The framework of the proposed method is shown in Figure 
2.

In the first stage, the input image is first segmented into an 
irregular superpixel [18,19] and a regular superpixel. Next, 

on the irregular superpixel map, the geodesic map with color 
contrast (Gc) and the geodesic map without color contrast 
(Gn) are calculated. Then, on the regular superpixel segmen-
tation map, the boundary contrast map (Sc) is calculated. 
Finally, the final saliency map S is obtained by integrating Sc, 
Gc, and Gn as follows:

In (2), Gc is fused with Sc by adding each corresponding 
pixel, which can highlight the salient object edges. Then, the 
obtained result is multiplied with Gn pixel by pixel to high-
light the entire object uniformly.

3.1 | Superpixel segmentation
In this study, the feature maps are calculated on the ir-
regular superpixel and regular superpixel maps, respec-
tively (shown in Figure 3). The irregular superpixel 
maps are generated by the simple linear iterative clus-
tering (SLIC) method, and the regular superpixel maps 
are obtained by segmenting the input image into patches 
of size p × p pixels. To maintain the shape of the image 
block, reduce noise, and increase computational effi-
ciency, the distance between two superpixels is calcu-
lated by the mean color difference in the CIELAB color 
space. The distance between the superpixels a and b in 
the CIELAB color space ΔLAB(a, b) is calculated as 
follows:

(1)S=St×Sb×Sl×Sr

(2)S=
(

Sc+Gc

)

×Gn.

(3)ΔLAB (a, b)= ΔL (a, b)2+ ΔA (a, b)2+ ΔB (a, b)2 .

F I G U R E  2  Framework diagram of the proposed method

Irregular 
superpixel 
segmentation

The saliency 
map

Boundary contrast map

Geodesic map without 
color contrast

Geodesic map with 
color contrast

Regular 
superpixel 
segmentation
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3.2 | Boundary contrast map
According to the contrast region, the image saliency detection 
methods can be categorized as the global contrast methods 
and the local contrast methods. The global contrast methods 
assume that the salient object is distinct from the background 
of the whole image in certain characteristics. These methods 
compare the features of each pixel/patch within the whole 
image to achieve the saliency map. Although these methods 
have achieved success to some extent, there still exist some 
limitations: (a) when there is a low contrast between the fore-
ground and background, the characteristic dissimilarity be-
tween the salient object and the entire image is not obvious, 
and the salient region will not be highlighted; (b) when the 
salient object is larger than the background, the characteristic 
of the entire image is closer to the image foreground than the 
background, and the salient object is also hardly highlighted. 
The local region contrast methods estimate the visual sali-
ency by computing differences in the local neighborhood of 
each pixel/patch, and generally adopt center‐surround con-
trast pattern. Because the saliency object is mostly smooth, 
the local region contrast methods can only highlight the re-
gion with a large difference with its neighborhood, adversely 
weakening the inner parts of the foreground object.

This paper proposes a novel boundary contrast method 
that can uniformly highlight the entire salient object. Based 
on the background prior, the image boundary mostly consists 
of the background, and there is a large difference between 
the salient region and the background. This means that the 
salient region has some distinction with the image bound-
ary. Therefore, this difference can be used to detect the image 
salient regions. We define the feature map obtained in this 

way as the boundary contrast map. In the boundary contrast 
method, the image boundary is assumed as the background, 
and the boundary is not completely covered by the salient 
objects, even though the foreground may be large enough in 
some images.

The regular superpixel segmentation is to divide the image 
into grids with p × p pixels. As illustrated in Figure 4B, the 
L, A, and B channels of each regular superpixel are taken as 
means of pixels in this regular superpixel in the correspond-
ing color channel. The mean appearance value of these pixels 
can represent the appearance of this regular superpixel and 
also can reduce noises to some degree. The image boundary 
is marked as the shadow shown in Figure 4A. Then, the ap-
pearance Euclidean distance between each regular superpixel 
within the image and boundary regular superpixels are cal-
culated. We quantify the boundary contrast value of the ith 
regular superpixel rpi as follows:

where rpi is the jth boundary regular superpixel, N is the 
amount of boundary regular superpixel. ΔLAB(rpi, rpj) is the 
appearance distance between the superpixel rpi and rpj, and it 
can be computed using (3).

Some examples of the boundary contrast map are shown 
in Figure 5B. From these examples, we can note that the 
regions inside the smooth object and large object are all 
highlighted uniformly. However, the essence of bound-
ary contrast is contrasting the characteristics of the entire 
image with the boundary regions. In principle, the follow-
ing concerns exist: first, a part of the background is de-
tected in images with a complex background; second, it is 
difficult to highlight a foreground image that is similar in 
color to the background; and third, the salient regions in 

(4)Sc(rpi)=
∑

j=1,...,N

ΔLAB(rpi, rpj),

F I G U R E  3  Examples of superpixel segmentation: (A) Irregular 
superpixel segmentation maps and (B) regular superpixel segmentation 
maps

(A) (B)

F I G U R E  4  Diagram of regular superpixels in image boundary: 
(A) Image boundary marked as shadow and (B) one regular superpixel 
in the image boundary

...

...

... ...

p

p

(A) (B)



802 |   GUO et al.

the low‐contrast images do not stand out. From the second 
original image in Figure 5, we can see that the white road, 
while it belongs to the background, is wrongly highlighted 
as the foreground by the boundary contrast owing to its high 
contrast with other background regions. For the first orig-
inal image in Figure 5, as the foreground, the white region 
of the mailbox is close to that of the sky, which belongs to 
the boundary in the color such that it is not identified in the 
boundary contrast map. To alleviate these problems, the 
geodesic is introduced.

3.3 | Geodesic‐like maps
For detecting images that have an obvious contrast for dif-
ferent background regions, and low contrast between the 
foreground and the image boundary, the boundary contrast 
method is inadequate. For such cases, this paper proposes a 
geodesic‐like map method. Based on the background and con-
nection priority principle, the geodesic generally considers 
the image background to be connected to the image bound-
ary. The geodesic‐like value of each superpixel is defined as 
the smallest distances from this superpixel to the boundary 
superpixels. Geodesic‐based methods can highlight the inter-
nal salient object. In this study, we apply a geodesic‐like map 
using an irregular superpixel as the computation unit. The 
geodesic map with color contrast can prevent the wrong high-
lighting of the complex background because of the boundary 
contrast. Further, it is more prominent than the foreground 
that has a similar color feature with the image boundary, and 
it is surrounded by the background. A geodesic map with-
out color contrast can increase the saliency of the foreground 
near the center by adding a spatial feature, and it can achieve 
impressive performances for low‐contrast images.

The geodesic‐like value indicates how likely the super-
pixel is not the background. For the background, the super-
pixels in image boundary have the least geodesic‐like value, 

and they are set to 0. We define the geodesic‐like value of the 
ith superpixel spi as follows:

where n(i) is the number adjacent to the superpixel spi, spk
i
 is 

the kth adjacent superpixel of spi (spk
i
 represents the super-

pixel spi itself), spi (i∈V)  is the boundary superpixel, and 
D(spi, spk

i
) is the appearance distance between the superpixel 

spi and the superpixel spi.
In the traditional geodesic methods, the distance be-

tween the adjacent patches is computed in CIELAB 
color space, and the smallest distance to the neighbors is 
compared with a certain threshold. If it is lower than the 
threshold, it is set to 0. Thus, when the contrast between 
the foreground and the background is very low, the fore-
ground will be set to 0, and saliency detection fails. In this 
study, for a geodesic map with color contrast, the smallest 
distance to neighbors simply uses the actual smallest dis-
tance to neighbors, despite how small it is. A geodesic map 
without color contrast aims to reflect the spatial character-
istic of different regions, and it has no relationship with the 
color feature. The distance between adjacent patches is de-
noted as the same value d in the geodesic map without the 
color contrast method. In summary, the distance between 
the adjacent superpixel patches in the geodesics‐like map 
can be written as follows:

(5)

Geo(spi)=

{

0, i∈V ,

min
k=0,1,...,n(i)

(

D
(

spi, spk
i

)

+Geo
(

spk
i

))

, i∉V ,

(6)D(spi, spk
i
)=

⎧

⎪

⎨

⎪

⎩

d, spi ∈Gn,

ΔLAB
�

spi, spk
i

�

, spi ∈Gc,

0, k=0,

F I G U R E  5  Feature maps generated in the detection process: (A) Original images, (B) boundary contrast maps, (C) geodesic maps with color 
contrast, (D) geodesic maps without color contrast, (E) saliency maps, and (F) GT

(A) (B) (C) (D) (E) (F)
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where d is a constant, and the appearance distance between su-
perpixel spi and spj: ΔLAB(spi, spj), is computed using (3).

The geodesic map with color contrast and without color 
contrast are shown in Figure 5C and 5D, respectively. As 
shown in the image of the flower, the white road, which is 
wrongly highlighted as the foreground by boundary contrast, 
is weakened in the geodesic map with color contrast, and 
the white region of the mailbox is highlighted correctly in 
the first image. From the sea snail image, we can see that 
a geodesic map without color contrast effectively weakens 
the background by adding the spatial feature. The increase 
in the spatial feature promotes detection effect, especially for 
low‐contrast images.

4 |  IMPROVED ROC

The standard receiver operating characteristics (ROC) curve 
[20], based on the difference between the ground truth and 
the binary map obtained by binarizing the saliency map, 
evaluates the performance by simply counting the amount or 
area of the different pixels. This method is widely used, and 
it can roughly reflect the difference between the ground truth 
and the binary map. Further, the calculation is convenient. 
However, it is still distinct from the human visual system. 
Our experiments prove that when the number of error‐de-
tected pixels is the same and their location is different, the 
results differ based on human perception. Moreover, for the 
same error rate (the proportion of unmatched pixels in the 
whole image), the farther the distance from the error‐detected 
pixels to the object is, the worse is the detection performance. 
Accordingly, we improve the ROC curve by adding the dis-
tance factor to the error‐detected pixels.

For the standard ROC curve, the distance factor can be 
added according to the following method. Select a series 
of fixed thresholds, and binarize the saliency map; then, 
combine the binary map M and the ground‐truth map G to 

compute the true positive rate (TPR) and the false positive 
rate (FPR) to obtain the ROC curve as follows:

where G represents the opposite of the ground‐truth map G and 
|g| denotes the number of non‐zero points in “g”.

The calculation of the improved ROC is very similar to 
the standard ROC. The difference is in the computation of 
∣M∩G ∣ and ∣G ∣ while calculating the FPR. For the improved 
ROC, we use distance as a weight to calculate the FPR. For 
distinction, it is named as DROC in this paper, and the false 
positive rate is named as DFPR.

The distance factor is used as the weight on the number 
of foreground pixels, which are not detected correctly in the 
saliency maps. The distance is the shortest distance between 
these pixels and the salient region in the ground‐truth map. If 
we compute the shortest distance in the unit of each pixel, a 
large memory is required, and the results have low efficiency. 
In the experiment, the pixel patch is adopted as the measure-
ment unit. The first step is to count the number of undetected 
pixels belonging to the foreground, which is ∣M∩G ∣, and the 
number of non‐salient pixels, which is ∣G ∣, in each patch. 
Next, compute the shortest distance between each patch and 
the salient region in the ground‐truth map. Finally, integrate 
the shortest distance D(k) between the kth patch and the sa-
lient region in the ground‐truth map and the number of unde-
tected pixels belonging to the foreground and the number of 
non‐salient pixels in the kth patch Q(k) by:

where n is the number of patches in an image, and r is a constant 
parameter.

For the same TPR, the smaller the FPR, the more effec-
tive the method. For the same FPR, the larger the TPR, the 
more effective the method. For the ROC curve, the smaller 
the FPR and the larger the TPR, a larger area will be obtained 
under the ROC curve (AUC) [21], which indicates a good 
performance.

5 |  EXPERIMENTS

5.1 | Parameter settings
In the boundary contrast map, we conducted experiments in 
different patches to obtain a suitable computing unit. Figure 
6 shows the legends of the boundary contrast maps in regular 

(7)TPR=
∣M∩G ∣

∣G ∣
, FPR=

∣M∩G ∣

∣G ∣
,

(8)DFPR=

FD

(

∣M∩G ∣

)

FD

(

∣G ∣

) , FD( ⋅ )=
∑

k=1,…,n

Q(k)× (D(k))r

F I G U R E  6  Boundary contrast maps in different. Computing 
unit: (A) original image; (B) boundary contrast map with the regular 
superpixels; (C) boundary contrast map with the irregular superpixel 
containing approximately 200 pixels

(A) (B) (C)
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superpixels and irregular superpixels containing approxi-
mately 200 pixels. As can be seen, the boundary contrast 
map computed in the unit of irregular superpixel cannot ac-
curately show the details of salient object. In contrast, the 
boundary contrast map calculated in the unit of the regular 
superpixel has better edge and details.

Although saliency maps detected by different methods 
have the same error rate, the error‐detected pixels are dis-
tributed in different locations, which influences the human's 
subjective perception. To verify this, the saliency maps ob-
tained using different methods are binarized to map M, which 
has the same error rate, then the F and FP maps are obtained 
using the following equation.

Figure 7 shows the saliency maps of two images obtained 
using different methods, with binary images of the same 
error rate in certain thresholds, F maps, and corresponding 
FP maps. From Figure 7 we can subjectively see that for the 
same error rate, the context‐based (CB) [22] method per-
forms better in image (a) than RC, and low‐ and mid‐level 
cue (LMLC) [23] method performs better in image (b) than 
global cues (GC) [24]. It can be observed that there are com-
mon characteristics in the saliency maps that perform better. 
The white region in the FP map is closer to the salient region 
in the ground truth, and the saliency map is more consistently 
highlighted. In conclusion, for the same error rate, the farther 
from the ground truth the error‐detected pixels are, the worse 
is the performance.

In our experiments, to ensure time efficiency and de-
tection effect, we find irregular superpixels that con-
tain 200 pixels as a suitable choice. In the geodesic map 

without color contrast, the distance d between adjacent 
pixels is equal, and the value of d has no influence on the 
final saliency map. For ease of calculation, we set d = 1. 
For DROC, to maintain computational efficiency and im-
prove the accuracy of the calculating distance, we selected 
10 × 10 pixels as a computing unit, and r was empirically 
chosen as 0.5.

5.2 | Evaluation measures
For a comprehensive performance evaluation, other than the 
DROC curve, in the experiments, we used three evaluation 
measures: ROC curve, the area under the ROC curve (AUC), 
and precision‐recall (PR) curve.

As described in Section 4, the ROC curve can reflect the 
relationship between the TPR and the FPR segmentation in 
different thresholds. DROC is the improvement of the ROC 
achieved by adding the distance factor. In addition, the PR 
curve is also a widely used evaluation measure in the saliency 
detection.

Standard ROC curve: Select a series of fixed thresholds 
to binarize the saliency map. Then, combine the binary map 
M and the ground‐truth G, compute the true positive rate and 
the false positive rate using (7) to obtain the ROC curve:

PR curve: Similar to the process of binary segmentation 
in the ROC curve, obtain the binary map with thresholds 
ranging from 0 to 255, and calculate precision P and recall 
R using the binary map M and the ground‐truth G from the 
following equation:

(9)
F =M⊕G,

FP =M∩G.

(10)R=
|M∩G|

|G|

, P=
|M∩G|

|M|

.

F I G U R E  7  Contrast of FP maps for 
the same error rate
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5.3 | Datasets
For performance evaluation, three public benchmark 
 datasets were used in the experiments: MSRA10K [25], 
ECSSD [26], and SED2 [27]. The MSRA10K dataset con-
tains  10 000 images with human‐labeled ground truth. 
There are various types of images including animals, natu-
ral scenes, human beings, and outdoor and indoor scenes; 
the salient objects are mostly located in the center of the 
image. The ECCSD dataset contains 1000 images, in which 
there is a single channel image (No. 557). Most saliency de-
tection methods only deal with color images; therefore, we 
changed the image No. 557 into color image by filling R, 
G, and B channels with the same gray values. Ground truth 
was provided in the ECSSD dataset. The images in both 
MSRA10K and ECSSD datasets mostly contain a single 
object. We also chose a challenging dataset, SED2, which 
contains 100 images of two objects. The dataset contains 
an image (No. 35) with a bad ground truth; therefore, we 
only used 99 images from this dataset. The human‐labeled 
images have four grayscale values; 0, 85, 170, and 255. We 
standardized the pixel values labeled 170 and 255 to 255, 
and the pixel values labeled 0 and 85 to 0.

To evaluate the performance of the proposed method in 
low‐contrast images, we extracted images where the fore-
ground was close to their background in color and luminance. 
The extraction amounts are 75, 51, and 4. We named these 
subsets as sMSRA10K, sECSSD, and sSED2. Figure 8 shows 
some examples of low‐contrast images.

5.4 | Experiments and analysis
We compared the proposed method for three datasets with 
eight state‐of‐the‐art approaches: GS, random walk (RW) [28], 

CO‐saliency (COS) [29], self‐adaptively CO‐saliency (SACS) 
[30], (discriminative regional feature integration approach (DRFI) 
[31], robust background detection (RBD) [32], high‐dimensional 
color transform (HDCT) [33], and MR. The source codes of the 
eight methods are available at the authors’ homepage, and our 
method codes, sMSRA10K, sSED2. and sECSSD databases are 
available at https ://github.com/Baiji an199 0/Image-Salie ncy-De-
tec tion-Based-on-Geode sics-like-and-Bound ary-Contrast.

In the experiments, we selected contrast approaches with dif-
ferent aspects but associated them with our approach. Among 
these approaches, GS and MR are geodesics‐based, DRFI, RBD, 
and HDCT exhibit the best performances, RW and COS are 
graph‐based, and SACS is a multi‐saliency map fusion method.

Figure 9 illustrates some saliency maps obtained using the 
proposed method (marked OUR) and the eight state‐of‐the‐
art methods. These examples contain images with a complex 
background in different degrees, and the images are both high 
and low contrast. From these examples, we can see that the 
saliency map obtained by our method can uniformly high-
light the salient objects, and it can effectively remove image 
background. The consistent highlight for salient objects of the 
proposed method is owing to the boundary contrast method, 
while the geodesic map with color contrast plays a significant 
role in removing the complex background. The geodesic map 
without color contrast adds a spatial feature to saliency maps 
and has advantages in detecting low‐contrast images.

To perform an objective comparison of the quality of the 
saliency maps with eight state‐of‐the‐art methods for six 
datasets, four evaluation metrics, the standard ROC curve, 
DROC curve, AUC value, and PR curve, were used. The 
time complexity of the proposed method is similar to the 
GS method because both these methods need to perform su-
perpixel segmentation. The evaluation results are shown in 
Figures 10‒15, and also in Table 1:

F I G U R E  8  Examples of low‐contrast 
images
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• Figure 10, Figure 11, and Figure12 show the DROC, PR, 
and ROC curves for three public datasets, respectively;

• Figure 13, Figure 14, and Figure 15 show the DROC, 
PR, and ROC curves for three datasets with low contrast, 
respectively;

• Table 1 summarizes the results for the AUC score for three 
public datasets and three datasets with low contrast.

From the results, we can see that the proposed method 
surpasses DRFI and RBD for MSRA10K and ECSSD; 

F I G U R E  9  Examples of saliency detection in different methods
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F I G U R E  1 0  DROC curves of nine saliency methods on three public datasets
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F I G U R E  1 1  Precision (vertical axis) and recall (horizontal axis) curves of nine saliency methods on three public datasets
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F I G U R E  1 2  ROC curves of nine saliency methods on three public datasets
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F I G U R E  1 3  DROC curves of nine saliency methods on three datasets with low contrast
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however, it performs worse for SED2, approximately at the 
middle level. For SED2, most images contain two objects, 
which are located near the image boundary. Therefore, the 
proposed method does not perform well for this dataset.

For the experiments on the datasets only containing 
low‐contrast images, the proposed method shows the best 

performance for sMSRA10K for each evaluation, and it 
performs the second‐best for sECSSD and sSED2, only sur-
passed by DRFI. However, for sMSRA10K which contains 
the largest number of low‐contrast images, our method con-
siderably outperforms DRFI. Overall, the proposed method 
has obvious advantages in detecting low‐contrast images.

F I G U R E  1 4  Precision and recall curves of nine saliency methods on three datasets with low contrast
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F I G U R E  1 5  ROC curves of models on three datasets with low contrast
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  MSRA10K ECSSD SED2 sMSRA10K sECSSD sSED2

GS 0.948 0.884 0.909 0.943 0.870 0.967

RW 0.790 0.663 0.836 0.724 0.548 0.808

COS 0.936 0.893 0.863 0.885 0.842 0.979

SACS 0.941 0.890 0.871 0.936 0.904 0.953

DRFI 0.976 0.945 0.956 0.904 0.921 0.996

RBD 0.954 0.895 0.914 0.924 0.858 0.950

HDCT 0.941 0.868 0.913 0.866 0.826 0.978

MR 0.817 0.735 0.852 0.786 0.640 0.910

OUR 0.948 0.891 0.902 0.955 0.909 0.979

The best result for each method in each database is highlighted in bold. 

T A B L E  1  AUC values
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6 |  CONCLUSIONS

This paper proposes an image saliency detection method. 
Based on background prior‐based and boundary prior‐based 
methods, the proposed method combines the geodesics‐like 
maps and boundary contrast to obtain saliency maps. To 
reflect human perception, the DROC curve is proposed to 
assess the performance of saliency methods. The proposed 
method exhibits better performance compared with that of 
other eight state‐of‐the‐art approaches, especially with re-
spect to images with complex backgrounds and low contrast. 
However, the proposed method provides poor results for im-
ages whose foreground is distributed in the image boundary.

Future studies will aim at improving the proposed sa-
liency detection method so that it can adapt to all type of 
images. Moreover, we will also aim to improve efficiency so 
that it can be applied to more fields.
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