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a b s t r a c t 

Salient object detection aims at detecting and segmenting the most salient objects from images or videos. 

It serves as a pre-processing step for a variety of computer vision and image processing tasks. There- 

fore, efficient and simple detection procedure is the primary requirement of salient object detection. Al- 

though many methods with impressive performances have been proposed, they always include compli- 

cated procedures. They are time-consuming and not easy to be applied in practical application. In order 

to address this issue, we propose an efficient and simple salient object detection architecture based on 

saliency regression network. Our method is a simplified end-to-end deep neural network without any 

pre-processing and post-processing. It can directly predict a dense full-resolution saliency map for a given 

image with a compact pipeline. Experimental results on five benchmark datasets show that the proposed 

method can achieve comparable or better precision performance than the state-of-the-art methods while 

get an improvement in the detection speed. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Detecting salient attention-grabbing objects and segmenting

ntire objects from images or videos, without any prior knowl-

dge about the scenes, is the aim of salient object detection [2] .

t is always considered as a pre-processing step in different tasks,

hich provides wide applications in many areas such as com-

uter vision and image processing. For instance, it has been suc-

essfully applied in object recognition [41] , object detection [40] ,

o-segmentation [5,6,10] , image retrieval [56] , hyperspectral image

lassification [49] , image compression [9] , and image resizing [15] .

s a pre-processing step, salient object detection methods should

rocess in real time which is an essential application requirement.

Inspired by the cognitive theories and physiological models

f visual attention, researchers in computer science propose lots

f saliency detection models [12,29,32,45,51,55] based on low-

evel visual information. Traditionally, saliency detection methods

everage various low-level saliency priors, such as contrast prior,

ompactness prior, objectness prior, background prior, and center

rior to estimate saliency. These low-level saliency priors make

mportant contributions to the performances of the state-of-the-

rt saliency detection methods. However, in the case of complex
∗ Corresponding author. 
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cenes or when salient objects are semantically salient in an im-

ge, low-level priors can hardly make salient objects pop out from

n image, and these methods may be fragile and fail. For exam-

le, LPS [28] fuses boundary prior and objectness prior into inner

nd inter label propagation scheme for saliency estimation, and

Ctr [60] uses boundary connectivity to measure the background-

ess for saliency inference. The low-level saliency priors may work

ell for many simple scenes. While they can not make the signs

op out from the images, and these methods fail in these complex

cenes, as shown in Fig. 1 . 

Due to the shortcomings of low-level saliency priors, many

ethods try to incorporate high-level semantic concepts into

aliency detection procedure, which are also important for human

o estimate the saliency in complex scenes. Deep convolutional

eural networks (CNN) are good at extracting high-level semantic

nformation, and have achieved better performances than previous

ethods based on hand-crafted features. Thus, it is natural to con-

ider convolutional neural networks for saliency detection. 

Recently, many saliency detection methods based on deep

earning have been proposed [4,25–27,47,50,57,59] . These meth-

ds either use convolutional networks to extract hierarchical fea-

ures for saliency estimation or use hierarchical networks to

nfer saliency. Although these methods achieve state-of-the-art

erformances, they always include complex pre-processing or

ost-processing procedures, and they can not easily implement an

nd-to-end training. Complicated and time-consuming procedures

https://doi.org/10.1016/j.neucom.2018.10.002
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2018.10.002&domain=pdf
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Fig. 1. Salient object detection results based on low-level priors and high-level se- 

mantic features. From left to right: original image (Img), saliency detection based 

on low-level priors (LPS [28] , wCtr [60] ), our method based on high-level semantic 

features (Ours) and ground truth (GT). 
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make them not easy to be practically applied as a pre-processing

step in computer vision tasks. 

In order to get an efficient and simple salient object detection

method, we propose a salient object detection architecture based

on saliency regression network. It employs a basic convolutional

neural network to extract feature maps and several fully convolu-

tional layers to achieve saliency regression from the feature maps.

Totally, we can view the proposed architecture as a fully convolu-

tional network (FCN). We can adopt different CNNs as backbones

depending on our concern for the precision and speed. Consid-

ering the characteristics of the salient object detection task, we

utilize a single full-resolution input manner which can make im-

ages keep natural visual information. For the sake of not increasing

too much computation, we employ a bi-cubic interpolation method

to exactly restore the size of saliency maps, and encapsulate the

method in an independent layer. In addition, we design a suitable

loss function to guide the network to converge to a good solution

for the task. The method is strictly end-to-end and has no pre-

processing and post-processing. After training, the network can di-

rectly predict a dense full-resolution saliency map when given an

image. It works like a compact pipeline which effectively simplifies

the procedure of salient object detection. 

We compare our method with state-of-the-art methods on 5

public datasets. The experimental results show that the proposed

method can achieve comparable or better precision performance

while get an improvement in processing speed (35 FPS). It ensures

that our method can run in real time and can be practically used

as a pre-processing step of computer vision tasks. 

In total, this paper carries three major contributions summa-

rized below: 

(1) We propose an efficient and simple salient object detec-

tion architecture based on saliency regression network. It

includes a single full-resolution input manner, a basic con-

volutional neural network extracting feature maps, and sev-

eral fully convolutional layers achieving saliency regression.

It can directly produce dense full-resolution saliency maps

from original images without any pre-processing and post-

processing (image-to-image prediction). 

(2) We design a new loss function for salient object with back-

ground class imbalance problem encountered during the

training of salient object detectors, which consists of a ba-

sic global loss and extra salient-region loss. 

(3) Extensive experimental results for comparison and ablation

analysis demonstrate the effectiveness of the proposed ar-
chitecture and the newly designed loss function. 
. Related works 

Deep convolutional neural networks have recently shown their

owerfulness in feature representation and inference, which have

njoyed a great success in many computer vision tasks. In recent

ears, many salient object detection methods based on deep learn-

ng have been proposed [13] . 

Deep convolutional neural networks can build hierarchical ar-

hitecture to extract multi-level and multi-scale features. Many re-

ent salient object detection methods extract the CNN features

nd fed them into fully connected layers for saliency inference

20,25,26,36,47,59,61] . For instance, Zou and Komodakis [61] ex-

ract CNN features of hierarchical image regions produced by a bi-

ary segmentation tree, and construct a regressor with AdaBoost

lgorithm to predict saliency. Zhao et al. [59] use superpixel seg-

entation method to get superpixels, and design a CNN-based

lobal-context and local-context model to estimate the saliency of

he superpixel-centered windows. In [26] , multiscale CNN features

re extracted from nested windows which are produced by multi-

evel image segmentation. Meanwhile, a random forest regressor is

rained to infer the saliency with these features and hand-crafted

ow-level features. Wang et al. [47] use a deep neural network to

earn local patch features to estimate local saliency. Then they in-

egrate the local saliency with global contrast and geometric infor-

ation to describe object candidate regions generated by geodesic

bject proposals [21] for saliency detection. Lee et al. [25] con-

truct a low-level distance map based on hand-crafted features for

uperpixel regions, and encode it with a convolutional neural net-

ork. Then this encoded low-level distance map and high-level

eatures extracted by the VGGNet [43] are concatenated to infer

he saliency of a query region. Kim and Pavlovic [20] generate re-

ion proposals with selective search [46] , and cast saliency detec-

ion as a multi-label classifier problem with CNN. In the work,

hey use a hierarchical segmentation to refine the saliency map.

ll these methods are based on superpixel segmentation or ob-

ect proposal extraction, which consume much time to perform

he region segmentation. In some cases, some generated regions

re under-segmented or over-segmented. Meanwhile, these region

eneration procedures make the methods complex and not to be

nd-to-end. Furthermore, inferring the saliency with fully con-

ected layers may lose the spatial information which is important

or saliency detection. 

Fully convolutional networks [38] are capable of preserving spa-

ial information and realizing dense full-resolution prediction. This

otivates recent works of using fully convolutional networks for

alient object detection [23,24,27,30,34,48] . Liu and Han [34] pro-

ose a deep hierarchical saliency network which consists of a

lobal view CNN and a hierarchical recurrent CNN. It firstly pro-

uces a coarse global saliency map with the global view CNN, and

hen refines saliency maps with the hierarchical recurrent CNN.

t can realize dense full-resolution saliency prediction. Li et al.

30] design a multi-task fully convolutional neural network for

alient object detection, which joints semantic segmentation and

alient object detection. Li and Yu [27] propose an end-to-end deep

ontrast network for salient object detection. It adopts a multi-

cale fully convolutional networks to produce pixel-level saliency,

nd infers segment-level saliency for the superpixels with a spatial

ooling stream. Kuen et al. [24] generate a coarse saliency map

ith a convolutional–deconvolutional network, and refines it with

patial transformer networks [18] and recurrent neural networks.

ang et al. [48] produce an initial saliency map with fully con-

olutional networks, and designs a recurrent fully convolutional

etwork with incorporating various saliency priors to refine the

aliency map. In order to get accurate saliency detection, these

ethods always include complex recurrent architecture to refine

aliency maps, which may increase the computational complex-
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Fig. 2. The proposed salient object detection architecture based on saliency regression network. One single arbitrary-size image is fed into the network, and then the network 

directly outputs a full-resolution saliency map. There is no additional pre-processing and post-processing beyond the network. 
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ty. Furthermore, these methods always include a preparation stage

hich warps irregular images to an uniform size in the model

raining phases. The warp operation may corrupt semantic con-

exts of images and change structural characteristic of objects in

mages. These may degrade the model performance. 

Comparing with the aforementioned methods, our method

dopts a simplified end-to-end deep neural network without

ny pre-processing and post-processing. It works like a compact

ipeline which extremely simplifies the detection procedure. It can

chieve comparable or better precision performance than the state-

f-the-art methods while get an improvement in the detection

peed (processing in real time). 

. Efficient End-to-End Saliency Regression Network 

Efficient and simple are the essential requirements of salient

bject detection. Thus, we propose an end-to-end salient object

etection architecture based on saliency regression network. As

hown in Fig. 2 , the proposed architecture is composed of three

odules. The first module extracts deep feature maps with con-

olutional neural networks. The second module inferences saliency

alue with regression network and produces a saliency map. The

hird module restores the size of the saliency map, which makes

he output saliency map has the same size as the input image.

n summary, we can consider the proposed architecture as a fully

onvolutional network (FCN). 

.1. Feature map extraction 

In order to obtain high-level features for saliency inference, we

dopt deep convolutional neural networks, which use hierarchical

rchitecture to extract semantic feature maps. It is well known

hat deeper convolutional networks always achieve better perfor-

ances, while they are more complicated and time-consuming.

irstly, we employ the standard VGG-16 [43] as a backbone to in-

tantiate our architecture, which is a trade-off between the speed

nd precision. Meanwhile, as the VGG-16 is intuitively intelligible,

e can pay more attention to the whole architecture instead of

etwork details. In fact, the proposed architecture can adopt dif-

erent convolutional neural networks as backbones depending on

he concern for the precision and speed. 

At the entrance of the proposed network, we adopt a novel in-

ut manner which is different from existing salient object detec-
ion methods [25,27,44] based on FCN. Although superpixel-level

r region-level segmentation results may be used for improving

he detection performance, these pre-processing procedures make

he methods more complicated and time-consuming. Therefore, we

irectly input a single full-resolution color image into the net-

ork for feature extraction without any pre-processing procedure.

his input manner makes the model training and testing be imple-

ented in an end-to-end fashion. It reduces the computation time

nd efficiently simplifies the whole processing procedure. 

During training and testing, the input to our network are

ull-resolution color images, instead of uniform-size (not full-

esolution) images which are adopted by the existing saliency de-

ection methods based on FCNs [25,26,59] . This is because that

arping irregular images to a uniform size may cause several prob-

ems: (a) corrupting semantic contexts of images; (b) changing the

haracteristic of objects in images involved with dimension (such

s length-width ratio); (c) reducing the resolution of images which

specially increases the difficulty of detecting small objects. These

roblems may slightly puzzle neural networks and lead to bad per-

ormance. The full-resolution input manner can keep away from

hese problems, and ensure to perceive the natural context infor-

ation for the input images. However, the network processes only

ne image during both training and testing phase to achieve the

ull-resolution input manner. This way makes the network more

ensitive to the distribution of training samples and makes the net-

ork harder to converge. In order to address the above problems,

e design a smooth and robust loss function in the saliency re-

ression module. 

This feature map extraction module consists of a stack of 5 con-

olutional stages, which is shown in Fig. 2 . These convolutional

tages respectively contain 2, 2, 3, 3, and 3 convolutional layers

denoted by Conv i _ j, i ∈ {1, 2, 3, 4, 5}, j ∈ {1, 2, 3}). They all adopt

 very small receptive field: 3 × 3 kernel size which is the small-

st size to capture the notion of neighbor. The numbers of features

aps produced by these convolutional layers are the same as VGG

43] , which are illustrated in Fig. 2 . To increase the nonlinear rep-

esentation ability, each of these convolutional layers is followed

y a rectified linear unit layer denoted by Relu (for simplicity, it

s not shown in Fig. 2 ) . The Relu operation can make the network

onverge much faster than traditional nonlinear activation function

22] . Meanwhile, in order to reserve more edge information and

nlarge the receptive field of the network, inspired by DeepLab [3] ,

e modify the kernel size of max-pooling layers in the VGG net
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from 2 × 2 to 3 × 3. As for the strides of these five max-pooling

layers, the first three are set to 2 while the others are set to 1.

In order to produce denser feature maps, we adopt atrous convo-

lution [3] in the fifth convolutional stage with atrous rate r = 2 .

Then throughout this module, the size of output feature maps be-

come 1/8 of input images. 

3.2. Saliency regression 

The saliency regression module contains a cascade of 3 fully

convolutional layers (denoted by Fcni, i ∈ {1, 2, 3}) and can be

viewed as a nonlinear regression from feature maps extracted by

the ahead functional part to pixel-level saliency scores. Each fully

convolutional layer is followed by a Relu layer and a Dropout layer.

We also use atrous convolution [3] with atrous rate r = 12 in Fcn1

to enlarge the field-of-view for context assimilation. As it is fairly

expensive to label salient objects in images, existing salient object

detection datasets are all in a small amount which can easily lead

the training to be overfitting. The Dropout layer has been proven to

reduce overfitting effectively by omitting the hidden units of neu-

ral networks with probability α [16] (0.5 is common and adopted

in this paper). 

The training samples for the salient object detection task are

very scarce. On one side, training a deep neural network always

requires large amount of training samples for satisfactory perfor-

mance. Meanwhile, the visual task has to face more object cate-

gories and more factors affecting the final results (such as color,

position and scene), compared with a similar task, semantic seg-

mentation. It needs more samples to represent the essential sam-

ple space. On the other side, existing publicly available datasets are

all at the magnitude of thousands. Compared with famous large-

scale datasets [7,33] for other visual tasks (such as image classifica-

tion, object detection and scene parsing), they are all lightweights.

What’s more, due to the scarce samples, the numbers of salient

and non-salient pixels are heavily imbalanced. Comparing with va-

riety of non-salient objects, salient objects are often in a smaller

amount. To make full use of valuable salient objects, the total loss

function should weight the loss caused by the pixels of salient ob-

jects in groud truth. Considering these elements, we design a total

loss function represented by 

L (X, Y, θ, λ) = 

1 

N 

[ L g (X, Y, θ ) + λ ∗ L s (X, Y, θ ) ] , (1)

where X is an input image, Y is corresponding target saliency map,

θ is the network parameter, λ is a super-parameter and N is the

pixel number of a whole image. The total loss function consists of

two terms, basic global loss L g ( X, Y, θ ) and extra salient-region loss

L s ( X, Y, θ ). The super-parameter λ is used to balance the two terms,

and we set λ = 0 . 5 in our experiment. The detailed expression of

the two terms are explained below. Additionally, it should be no-

ticed that the weighted sum of the two terms is averaged by the

number of pixels. The average operation can make the loss value

not be affected by the image size. 

In above subsection, we explain the reason why we adopt the

input manner based on single full-resolution images, and the cor-

responding negative effect which makes the network more sensi-

tive to the distribution of training samples and makes the network

harder to converge. In order to overcome the shortcoming, we de-

sign a smooth and robust loss function during the forward and

backward propagation. The two terms in Eq. (1) are embodied as

L g (X, Y, θ ) = 

N ∑ 

i =1 

�[ F ( x i , θ ) − y i ] , (2)
t  
 s (X, Y, θ ) = 

N 

−

N 

N + ∑ 

j=1 

�
[
F 
(
x j , θ

)
− y j 

]
, (3)

here N 

+ is the pixel number of salient objects, N 

− is the pixel

umber of non-salient objects, x i represents a pixel in an input

mage X ( X = { x i | i = 1 , 2 , . . . , N} ), y i represents a pixel in a tar-

et saliency map Y ( Y = { y i | i = 1 , 2 , . . . , N} , y i ∈ {0, 1}), function

 ( · ) represents an abstraction of the network’s processing, F ( x i , θ )

epresents the regression value of the saliency score for pixel x i ,

( · ) is a robust loss function (Smooth-L1) reported in [11] . L g ( X, Y,

) represents a basic loss from all the pixels in an image. It forces

he regression results to approach the ground truth from a global

cope. L s ( X, Y, θ ) represents an extra loss from the pixels belonging

o salient objects. It makes the loss function pay more attention to

he region of salient objects than background. 

The Smooth-L1 function �( · ) is defined as 

( z ) = 

{ 

1 
2 

z 2 , if | z | ≤ 1 

| z | − 1 
2 
, otherwise . 

(4)

t can be easily inferred that the Smooth-L1 is smooth and deriv-

ble in the real field. Its derivation is 

′ 
( z ) = 

{
z, if | z | ≤ 1 

sign ( z ) , otherwise . 
(5)

ompared with the derivation of common L1 loss function, the

erivation of Smooth-L1 is continuous at the zero point. It can

ake the network converge more stably near the zero point. In the

nterval [ −1 , +1] , �
′ 
( z ) is directly proportional to the error z . It

an make the network converge with a self-adaptive step and sta-

ilize at a locally optimal solution. Outside of the interval, �
′ 
( z )

s truncated to ± 1. It can make the converging procedure more

obust and less affected by singular samples. During the training

hase, we utilize standard stochastic gradient descent (SGD) algo-

ithm to minimize Eq. (1) . 

We will show its advantage through a controlled experiment in

ection 4.5.2 . 

.3. Size restoring 

This function part contains only one size restoring layer and

s responsible for restoring the size of saliency maps. In fact, the

etwork has produced a basic saliency map after the saliency re-

ression module. Although the saliency map has exactly detected

alient objects in the input image X , its spatial size is around (not

xactly, as the size of input image is arbitrary) 1/8 of X . For the

ake of not increasing too much computation, we abandon the

enefits taken by deconvolutional layers and employ a bi-cubic in-

erpolation method over 4 × 4 pixel neighborhood to exactly re-

tore the size of the saliency map based on the wide w and height

 of the input image X. w and h are recorded when X is fed into the

etwork, and then are transmitted to the size restoring layer. We

ncapsulate the method in an independent layer and name it as

ize restoring layer (denoted by Sires ). After the size restoring, the

etwork can output final detection result, full-resolution saliency

ap. The results produced by this method are smoother and have

ewer interpolation artifacts than the ones produced by bilinear in-

erpolation and nearest-neighbor interpolation method. 

Of course, the simple size restoring method can not preserve

ne edge details of salient objects. We can overcome the disadvan-

age by some approaches such as conditional random field (CRF).

n fact, the CRF is widely used in recent works and effectively im-

roves the spatial coherence of detection results [27] . We also tried

o connect a CRF layer to our network and found that it can fur-

her improve the performance by more than 1.0% while increase
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xtra 50+ milliseconds in runtime for each picture. To guarantee

he characteristics of processing in real time, we abandon the po-

ential approach making our precision performance better. 

In above paragraphs, we describe our network architecture de-

ailedly. It is an extremely simplified end-to-end deep neural net-

ork. When given an image, the trained network can directly

redict a dense full-resolution saliency map without any pre-

rocessing and post-processing. It works like a compact pipeline

hich effectively simplifies the processing procedure and makes

he method easy to be practically applied. 

In addition, the parameters learned in training phase are from

onvolutional layers and fully convolutional layers. We can infer

hat the total number of learned parameters in the model is about

9 million. The number is smaller than the ones of most state-of-

he-art methods. We show the advantage in the Section 4.5.4 . 

. Experiments and analysis 

In this section, we evaluate our method quantitatively and qual-

tatively on 5 public datasets with comprehensive experiments, and

ompare the performance with state-of-the-art methods. 

.1. Datasets 

We evaluate our method on 5 datasets: DUT-OMRON [54] ,

ASCAL-S [31] , ECSSD [53] , HKU-IS [26] , and SED2 [1] . All the

atasets have pixel-wise ground truth annotations. The DUT-

MRON has 5168 images which are manually selected from more

han 140,0 0 0 natural images. Each image has one or more salient

bjects and a relatively complex background. The PASCAL-S con-

ains 850 natural images which are built on the PASCAL VOC 2010

ataset [8] . It is a challenging saliency dataset as many images

ave highly cluttered backgrounds and various foreground objects.

he ECSSD contains 10 0 0 semantically meaningful and structurally

omplex images, which have multiple objects of different sizes. The

KU-IS is another large dataset and contains 4 4 47 images, most

f which have either low contrast or multiple salient objects. The

ED2 consists of 100 images and each of them has two salient ob-

ects. 

.2. Evaluation metrics 

In order to evaluate the performance of our method and other

omparison methods, we adopt various metrics [2] , including the

recision-recall (PR), receiver operating characteristics (ROC), area

nder ROC curve (AUC), F-measure of average precision recall

urve, mean absolute error (MAE) score, and computation time

runtime). 

Precision-recall (PR). The PR curve is a plot of precision-recall

cores of saliency maps. The precision refers to the fraction of

alient pixels which are assigned correctly in the detected saliency

aps, while the recall refers to the fraction of correct salient pixels

n the ground truth: 

 recision = 

| M ∩ G | 
| M| , Recall = 

| M ∩ G | 
| G | . (6)

here M denotes binary masks produced by binarizing the saliency

ap S with thresholds from 0 to 255, and G denotes the ground

ruth. 

Receiver operating characteristics (ROC). The ROC curve is a

lot of the true positive rates (TPR) versus false positive rates (FPR)

hen binarizing saliency maps with different thresholds: 

 P R = 

| M ∩ G | 
| G | , F P R = 

| M ∩ Ḡ | 
| ̄G | , (7)

here Ḡ denotes the oppositive of the ground truth G . 
Area under ROC curve (AUC). The AUC score is computed as

he area under the ROC curve. A perfect AUC performance gets a

core of 1, while the AUC performance of random guessing gets a

core of 0.5. 

F-measure. It evaluates a binarized map with respect to ground

ruth based on a weighted harmonic mean of precision and recall.

t is defined as: 

 β = 

(1 + β2 ) P recision × Recall 

β2 P recision + Recall 
, (8) 

here we set β2 = 0 . 3 to give more importance to precision as in

2] . We report the maximal F β among all precision-recall pairs. 

Mean absolute error (MAE). The MAE score is calculated as

he mean of pixel-wise absolute errors between the saliency map

 and the ground truth G : 

AE = 

1 

W × H 

W ∑ 

x =1 

H ∑ 

y =1 

| S(x, y ) − G (x, y ) | , (9)

here W and H denote the width and height of the saliency map S.

 ( x, y ) and G ( x, y ) denote the saliency value and the binary ground

ruth at pixel ( x, y ). Smaller MAE score means better performance.

Runtime. For fair comparisons, all the codes run at the same

ersonal computer (PC) which owns a single NVIDIA GeForce GTX

080P GPU with 8 GB memory and Intel Core i7-4770 @3.4 GHz.

n principle, the runtime counts the time cost by the main detec-

ion procedure (not including the I/O time) for each image, which

an indeed reflect computation cost. As the operation of reading

mages is often coupled with the main detection procedure, it is

ot easy to separate reading images out when counting runtime. In

his paper, the runtime starts when reading an image from a disk

nd ends when obtaining a full-resolution detection result (not in-

luding the time used for writing a result map to a disk). In ad-

ition, all the methods are not allowed to process multiple images

n parallel and are fed with full-resolution images. We present the

verage runtime on each dataset for all the methods. 

.3. Implementation 

Training data. The training data significantly affects the final

ehavior of a deep neural network [27] . As in [25,48] , we train

ur model on the MSRA10K [37] dataset. The dataset has 10,0 0 0

mages and most of them contain single object. We employ some

amples to validate the model at a fixed period. We randomly

ivide the MSRA10K dataset into two subsets, 80 0 0 samples for

raining and 20 0 0 samples for validation. 

Additionally, we utilize data augmentation method which has

een proven to improve performance effectively in many learning-

ased vision task [22,42,52] . In the task of salient object de-

ection, the saliency of image region is invariance with respect

o horizontal-flipping from an intuitive viewpoint. We flip all

he training images horizontally to augment the training dataset

SRA10K. 

Parameters. Our method is build on the publicly available FCN

mplementation DeepLab [3] which uses the Caffe library. We com-

lete all the computation of our method under the framework. In

he training phase, we adopt “step” learning rate policy and set

asic learning rate to 0.01, step size to 30 0 0, and gamma (multi-

lier) to 0.1. Other hyper-parameters used in the training include:

omentum with 0.9, weight decay with 0.0 0 05, and maximum it-

ration with 12,0 0 0. The entire training procedure takes 9 h on the

C mentioned above. 

Fine-tuning. It is difficult to train a deep network from

cratch when training samples are not enough. As existing saliency

atasets are all in a small amount, training our network on them

irectly from an initial state is inadvisable. As verified in many
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Fig. 3. Qualitative comparison of different methods with original image (Img) and ground truth (GT) on the DUT-OMRON, PASCAL-S, ECSSD, HKU-IS, and SED2 datasets. 3 

challenging samples are taken from each dataset and are arranged successively. 

Table 1 

Code types of all the comparison methods. 

Method MB LPS MDF MCDL LEGS ELD DCL DHSNet NLDF DSS Ours 

Code type Exe Matlab Caffe Caffe Caffe Caffe Caffe Caffe Tensorflow Caffe Caffe 
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works, fine-tuning can provide a good initialization for training

deep models and make the training more effective. The training of

our model is fine-tuned from a pre-trained model, the DeepLab–

LargeFOV [3] for semantic segmentation task, which is a variant of

DeepLab. In addition, to test the adaptability and make a fair eval-

uation, our model is directly evaluated on the 5 datasets without

fine-tuning. 

4.4. Comparison with state-of-the-art methods 

We compare the proposed method with 10 recent state-of-the-

art methods on aforementioned datasets, which include MB [58] ,

LPS [28] , MDF [26] , MCDL [59] , LEGS [47] , ELD [25] , DCL [27] ,

DHSNet [35] , NLDF [39] , DSS [17] . The first 2 methods are classical

unsupervised methods, while the last 8 methods are based on deep

learning. For fair comparison, we practically run all the codes with

the parameters offered by authors. Their code types are summa-

rized in Table 1 . 
The qualitative and quantitative comparison results are pre-

ented as follows. 

.4.1. Qualitative performance comparison 

For an intuitive illustration, we provide some detection results

f the proposed method and aforementioned 10 methods on the 5

atasets in Fig. 3 . We only select 3 challenging samples from each

ataset for the space limit. It can be seen from the figure that:

a) our method is good at detecting semantically salient objects

ven though the targets are small (i.e. Rows 4 and 12); (b) our

ethod can detect the most salient objects from highly cluttered

ackgrounds (i.e. Rows 2 and 8); (c) our method can produce more

lean (i.e. Row 7), intact (i.e. Row 8 and 14) and smooth (i.e. Rows

 and 13) saliency maps. 

.4.2. Quantitative performance comparison 

We show the PR curves and ROC curves of all the methods on

he 5 datasets in Figs. 4 and 5 . From these figures, we observe that
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Fig. 4. PR curves of our method and 10 state-of-the-art methods on the 5 datasets. 
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Fig. 5. ROC curves of our method and 10 state-of-the-art methods on the 5 datasets. 
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Table 2 

Comparison of quantitative results including AUC, F-measure (larger is better) and MAE, runtime (smaller is better). The best three 

results are respectively shown in red, blue and green color. 
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ur method achieves comparable or better performance than the

tate-of-the-art methods on most datasets. 

In addition, we compare all the methods with AUC, F-measure,

AE and runtime in Table 2 . From the table, we find that our

ethod gets comparable performance with the state-of-the-art

ethods on each dataset. In items of runtime, the classical unsu-

ervised method MB [58] obtains the first place on all the datasets.

owever, our method achieves the first place during above deep

earning based methods. It is worth mentioning that the process-

ng speed of our method can reach 35 FPS on the DUT-OMRON,

CSSD, HKU-IS, and SED2. It ensures that our method can run in

eal time and can be practically used as a pre-processing step for

omplicated visual tasks. 

.5. Analysis of the proposed method 

In this subsection, we analyze some potential cues supporting

he model’s advantages through controlled experiments. We carry

ut the analysis from four aspects as follows. 

.5.1. Effectiveness of the input manner based on single 

ull-resolution images 

In the proposed method, we adopt the input manner based on

ingle full-resolution images whose benefits we have explained in

ection 3.1 . To make the benefits more intuitionistic, we design

 controlled experiment and name the corresponding model as

ontrolled-model-A (CM-A for short hereafter). The CM-A is the

ame as the proposed method except that input images are re-

ized to a uniform size as done in [25–27] . In the experiments,

nput images are resized to 224 × 224. As the CM-A and the pro-

osed method have the same computational complexity, we do not

ompare their runtime. Their performance comparison is summa-

ized in Table 3 . It can be seen that the proposed method achieves

etter performance than the CM-A on all items. Comparing with

he CM-A, the proposed method separately improves the AUC, F-

easure and MAE performance by more than 1%, 3% and 4%. The

esults can fully verify the effectiveness of our input manner. 
.5.2. Effectiveness of the designed loss function 

To verify the effectiveness of the designed loss function in

ur method, we implement two controlled experiments named

s controlled-model-B (CM-B) and controlled-model-C (CM-C). The

wo models only replace the loss function of the proposed method

ith other ones. The CM-B adopts classical Euclidean loss while

he CM-C adopts cross entropy loss. Except this, the two model

hare the same input manner, network architecture, parameters

nd training strategy as the proposed method. Similarly, we com-

are the three models using the three evaluation metrics and sum-

ary the results in Table 4 . The proposed method achieves the

est scores on all items. 

In addition, our total loss function consists of two terms, a ba-

ic global loss and extra salient-region loss. The global loss forces

he regression results to approach the ground truth from a global

cope. The salient-region loss makes the total loss function pay

ore attention to the region of salient objects than background.

e use a super-parameter λ to balance the two terms. The global

oss adopts the Smooth-L1 loss, which is firstly reported in [11] .

o verify the contribution of the salient-region loss, we carry out

 controlled experiment. We set the λ = 0 to remove the salient-

egion loss. Meanwhile, we also set the λ = 1 for comparison. Then

e train our method using the loss function (1) with different λ
alues. The evaluation results are compared in Table 5 , and the

aliency maps are shown in Fig. 6 . From Fig. 6 , we can find that our

ethod get more compact and accurate saliency prediction when

= 0 . 5 . From Table 5 , we can also find that our method get better

erformance in quantitative comparisons when λ = 0 . 5 . 

.5.3. Effectiveness of the proposed network architecture 

In above, we employ the standard VGG-16 as a backbone to in-

tantiate the proposed network architecture which is intuitively in-

elligible. In fact, we can adopt different convolutional neural net-

orks as backbones depending on our concern for the precision

nd speed. In order to verify the effectiveness of the architecture

urther, we separately replace the standard VGG-16 with multi-

evel VGG-16 (Multi-VGG-16) and standard ResNet-101 [14] to ex-
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Table 3 

The performance comparison between the proposed method and CM-A. The best results are shown in red color. 

Table 4 

The performance comparison between the proposed method, CM-B and CM-C. The best results are showin red color. 

Table 5 

Comparison of quantitative results when setting different λ

values. 

Dataset Measure λ = 0 λ = 1 λ = 0 . 5 

DUT-OMRON AUC 0.944 0.946 0.954 

F-measure 0.734 0.732 0.737 

MAE 0.104 0.120 0.100 

PASCAL-S AUC 0.948 0.948 0.950 

F-measure 0.811 0.807 0.797 

MAE 0.130 0.134 0.128 

ECSSD AUC 0.969 0.970 0.976 

F-measure 0.882 0.878 0.878 

MAE 0.094 0.100 0.087 

HKU-IS AUC 0.974 0.975 0.980 

F-measure 0.868 0.863 0.866 

MAE 0.080 0.090 0.072 

SED2 AUC 0.908 0.913 0.941 

F-measure 0.800 0.791 0.803 

MAE 0.120 0.120 0.114 

Fig. 6. Saliency maps produced by different λ values. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6 

Quantitative comparison of employing different semantic information ex- 

tractors as backbones in our salient object detection architecture. 

Dataset Measure ResNet-101 Multi-VGG-16 VGG-16 

DUT-OMRON AUC 0.962 0.950 0.954 

F-measure 0.777 0.745 0.737 

MAE 0.083 0.098 0.100 

Runtime(s) 0.079 0.038 0.028 

PASCAL-S AUC 0.960 0.955 0.950 

F-measure 0.841 0.819 0.797 

MAE 0.103 0.119 0.128 

Runtime(s) 0.117 0.056 0.042 

ECSSD AUC 0.984 0.976 0.976 

F-measure 0.914 0.887 0.878 

MAE 0.064 0.081 0.087 

Runtime(s) 0.079 0.038 0.027 

HKU-IS AUC 0.986 0.980 0.980 

F-measure 0.897 0.875 0.866 

MAE 0.058 0.070 0.072 

Runtime(s) 0.076 0.037 0.027 

SED2 AUC 0.955 0.928 0.941 

F-measure 0.848 0.806 0.803 

MAE 0.094 0.111 0.114 

Runtime(s) 0.072 0.032 0.023 
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tract feature maps. We train these models with the same samples

and training super-parameters. The experimental results are shown

in Table 6 . From the table, we can find that the models employing

ResNet-101 and Multi-VGG-16 get better precision performances.

Especially, the model employing the ResNet-101 improves the pre-

cision performance considerably. However, the models employing

ResNet-101 and Multi-VGG-16 consume more time. In total, we can

adopt different backbones in our salient object detection architec-

ture according to application demands. 

In above experiments, all our models are trained with the

same samples which are randomly selected from the MSRA10K

dataset. In order to make an integrity evaluation, we train our ba-

sic method which uses the standard VGG-16 as a backbone on the

MSRAB dataset [19] . We utilize the same training and validation
ets as in [19] which are also employed in NLDF [39] and DSS [17] .

he evaluations of the models trained on the MSRAB and MSRA10K

re shown in Table 7 . From the table we can find that the choice of

raining samples can affect the performance of the trained models,

nd the performance degradation of our method is not very seri-

us when the number of training samples decreases. 

.5.4. Analysis of the speed improvement 

From Table 2 , we can find that our method makes an improve-

ent in processing speed compared with the other deep learning

ased methods. Analyzing the network architecture, we find that

our cues contribute to the success: (a) we adopt a dense full-

esolution saliency score regression framework instead of region

evel classification framework as in [25,59] ; (b) our method does

ot rely on superpixel-level or region-level segmentation maps as

n [25,26,59] , which at lest take 400 ms; (c) our method does

ot utilize time-consuming post-processing approaches such as

RF [27] ; (d) we simplify the network architecture and abandon

ome tricks which can improve the precision performance, such

s multi-scale [26,27] and combing local and global information

47,59] . 

In fact, these cues can also reduce the number of learned pa-

ameters and shorten the required training time effectively. We

ummarize the model size (the number of bytes required for stor-
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Table 7 

Comparing the performances corresponding to different training sets. 

Dataset testing set MSRAB training set MSRA10K training set 

AUC F-measure MAE AUC F-measure MAE 

DUT-OMRON 0.937 0.716 0.098 0.954 0.737 0.100 

PASCAL-S 0.953 0.801 0.125 0.950 0.797 0.128 

ECSSD 0.970 0.870 0.092 0.976 0.878 0.087 

HKU-IS 0.976 0.857 0.076 0.980 0.866 0.072 

SED2 0.929 0.793 0.119 0.941 0.803 0.114 

Table 8 

Comparison of model size (the number of bytes required for storage). 

Method MDF MCDL LEGS ELD DCL DHSNet NLDF DSS Ours 

Model size (MByte) 244 466 74 667 265 376 426 249 82 
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ge) of aforementioned deep learning based methods in Table 8 . As

he model size is directly proportional to the accurate number of

earned parameters, we employ the model size to make an illustra-

ion. In general, our method owns a smaller storage compared with

thers. Although the model size of LEGS is a little smaller than

urs (around 8 MByte), its performances including both precision

nd runtime are clearly inferior to ours (referring to Table 2 ). The

mall parameter storage also increases the usability of our method.

. Conclusion 

In this paper, we present an efficient and simple salient object

etection architecture based on saliency regression network. It in-

ludes a single full-resolution input manner, a basic convolutional

eural network extracting feature maps and several fully convolu-

ional layers achieving saliency regression. Meanwhile we design

 new loss function for salient object with background class im-

alance problem. There is no additional pre-processing and post-

rocessing in our architecture. The trained network can directly

redict a dense full-resolution saliency map. The comprehensive

xperiments demonstrate the effectiveness of the proposed archi-

ecture and loss function, and show that our method achieves com-

arable or better precision performance than the state-of-the-art

ethods while get an improvement in detection speed (process-

ng in real time). The compact architecture, fast processing speed,

mall parameter storage and decent precision performance make it

ossible to employ our method practically as a pre-processing step

n other complicated computer vision and image processing tasks. 
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