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a b s t r a c t 

Recent advance on salient object detection benefits mostly from the revival of Convolutional Neural Net- 

works (CNNs). However, with these CNN based models, the predicted saliency map is usually incomplete, 

that is, spatially inconsistent with the corresponding ground truth, because of the inherent complexity of 

the object and the inaccuracy of object boundary detection resulted from regular convolution and pool- 

ing operations. Besides, the breakthrough on saliency detection accuracy of current state-of-the-art deep 

models comes at the expense of high computational cost, which contradicts its role as a pretreatment 

procedure for other computer vision tasks. To alleviate these issues, we propose a lightweight adversar- 

ial network for salient object detection, which simultaneously improves the accuracy and efficiency by 

enforcing higher-order spatial consistency via adversarial training and lowering the computational cost 

through lightweight bottleneck blocks, respectively. Moreover, multi-scale contrast module is utilized to 

sufficiently capture contrast prior for visual saliency reasoning. Comprehensive experiments demonstrate 

that our method is superior to the state-of-the-art works on salient object detection in both accuracy and 

efficiency. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Salient Object Detection aims at identifying the most attention-

drawing objects in an image and then pixel-wise segmenting these

objects with binary labels, as illustrated in Fig. 1 . As with the hu-

man subconscious, salient object detection generally services as

the pretreatment procedure for many other computer vision tasks,

such as visual tracking [1] , content-aware image editing [2,3] , and

weakly supervised semantic segmentation [4,5] . Therefore, it is ex-

pected to handle with saliency inferring accurately and efficiently. 

Recent years, with the revival of the convolutional neural net-

works (CNNs) [6] , various CNN based models are explored for

salient object detection. However, when using these models, the

predicted saliency map is usually incomplete, that is, spatially in-

consistent with the corresponding ground truth, because of the

inherent complexity of the object and the inaccuracy of object

boundary detection resulted from regular convolution and pooling

operations. On the contrary, the discriminator distinguishes the au-

thenticity of the input image and further leads to a more complete

saliency detection result, which inspires us to introduce adversar-

ial training into the visual saliency learning. At present, conditional

Markov random fields (CRFs) [7–11] are the most commonly used
∗ Corresponding author. 
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ost-processing methods, which directly integrate pairwise and

pecific higher-order potentials into the CNN based models. De-

pite CRFs can reinforce spatial contiguity in the predicted saliency

aps, they are limited in parameter number of high-order poten-

ials. Instead, in this paper, we utilize adversarial training to re-

olve this problem while improving the performance on accuracy

or salient object detection. 

On the other hand, the breakthrough on saliency detection ac-

uracy of current state-of-the-art deep models [12–22] comes at

he expense of high computational cost, which contradicts its role

s a pretreatment procedure for other computer vision tasks and

hus greatly limits its pervasive application on embedded and mo-

ile devices. To improve the performance on efficiency, we intend

o explore a lightweight framework. Albeit varieties of researches

elve into lightweight model designs, such as knowledge distilla-

ion [23–25] and network pruning [26–31] , connectivity learning

32,33] and hyper-parameter optimization [34,35] , they are com-

licated and lacked of universality. For example, network pruning

pproaches necessitate pre-trained large models to obtain smaller

odels with the comparable performance. Moreover, these mod-

ls cannot be directly applied into salient object detection, because

hey are not tailor-designed for capturing subtle visual contrast,

hich is the most significant factor [36,37] for accuracy improve-

ent. 

Numerous strategies are used to explore local or global con-

rast cues for visual saliency detection. Previous works capture

https://doi.org/10.1016/j.neucom.2019.09.100
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2019.09.100&domain=pdf
mailto:liguanbin@mail.sysu.edu.cn
https://doi.org/10.1016/j.neucom.2019.09.100


L. Huang, G. Li and Y. Li et al. / Neurocomputing 381 (2020) 130–140 131 

Fig. 1. Examples of salient object detection. The first row shows the input RGB images, and the second row presents the ground truth for salient object detection. Best 

viewed in color. 
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isual contrast through sophisticated hand-crafted low-level fea-

ures, such as color, intensity and texture. As illustrated in the first

wo columns of Fig. 1 , visual contrast of the two examples can be

epresented by low-level color features. On the contrary, salient

bjects in the last two columns hardly stand out from the back-

round, because they have the similar appearance. Recently, CNN

ased models have been employed to obtain high-level semantic

eatures, which are more robust than hand-crafted ones, achiev-

ng better results than early attempts. However, most of the cur-

ent deep methods still lack efficient strategy to exploit multi-scale

lobal contrast context. As discussed in [38] , the amount of avail-

ble context information depends on the size of receptive field in

he deep neural network, however, the empirical receptive field of

NN is much smaller than the theoretical one, especially on high-

evel layers. Consequently, the networks cannot sufficiently model

lobal context prior. 

To alleviate the aforementioned issues, this work, inspired by

he generative adversarial networks (GANs) [39,40] and lightweight

odels [41,42] , proposes a Lightweight Adversarial Network

LANet) for salient object detection, which simultaneously im-

roves accuracy and efficiency by enforcing higher-order spatial

onsistency through adversarial training and lowering the compu-

ational cost via lightweight bottleneck blocks, respectively. LANet

tilizes encoder-decoder architecture based saliency predictor to

enerate the saliency map of an input image, where multi-scale

ontrast module is used to encode rich contextual information

or visual saliency reasoning. During the training phase, this net-

ork is initially trained with a saliency loss over the predicted

aliency maps. Afterwards, the model is finetuned with an adver-

arial network trained to solve a binary classification task between

he saliency maps predicted by LANet and the ground-truth ones,

eaning that an adversarial loss is incorporated into the visual

aliency learning. It is worth mentioning that lightweight bottle-

eck blocks, instead of regular convolutions, are utilized in both

aliency predictor and adversarial network to learn features, which

as been proven very efficient in [41] . 

In summary, this paper has the following contributions: 

• We propose an accurate and efficient network, i.e. LANet, for

salient object detection, which utilizes lightweight linear bot-

tleneck blocks to construct both saliency predictor and adver-

sarial network, resulting in tremendous reduction in the com-

putational cost to ensure the efficiency. 
• We incorporate adversarial training into saliency prediction

model to improve performance via enforcing long-range spatial

saliency contiguity, while consuming no additional computation

cost at the test phase. Multi-scale contrast module is also used

to further improve accuracy via encoding rich contrast cues. 

• This work presents comprehensive experiments on the trade-

off of accuracy and efficiency. Experimental result demonstrates

that our model significantly outperforms the state-of-the-art

works on salient object detection. 

. Related work 

Salient object detection. Over the past two decades, a lot of

alient object detection approaches have been developed. Com-

ared with traditional methods [43–46] that use hand-crafted

eatures, recently emerged CNN-based methods have broken

lmost all the previous state-of-the-art records in nearly every

ub-field of computer vision, including salient object detection.

ere, we mainly focus on introducing the deep learning based

ethods on saliency detection. The rapidly sprung up deep mod-

ls can be separated into two categories: patch based multi-stage

pproaches and end-to-end FCN-based approaches. The patch

ased approaches [12,13,47] first partition an image into patches

nd treat each patches as independent samples for training and

esting, which are inefficient due to redundancy of overlapped

atches. The FCN-based approaches [16,17,4 8,4 9] overcome the

bove deficiency. They take the whole image as input and train

he model in an end-to-end way. Some approaches [16,48] capture

igh-level contrast by multi-scale features, which is extracted

rom extra convolution layers. Recently, Hou et al. [17] proposed

 deeply supervised salient (DSS) model through adding con-

ections from high-level features to low-level features based on

he holistically-nested edge detector [50] architecture. Although

hese end-to-end networks improve accuracy and become a fun-

amental architecture for saliency detection, the necessity of high

erformance computing resources is still a challenging problem

or applying them on embedded and mobile devices. 

Adversarial learning. Generative adversarial network [39] , com-

osed of generative and adversarial networks, is an adversarial

ethod for learning deep generative models. It is originally

esigned for image generation [39,51,52] , where the generative

etwork is used to produce fake images, while the adversarial net-

ork aims at distinguishing between the real images and fake ones
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Multi-Scale Contrast Module

Adversarial Loss

Prediction

GT

Saliency Loss

Adversarial Network

Saliency Predictor

OR

Ground TruthGT
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Fig. 2. Overview of our proposed lightweight adversarial network. Lightweight bottleneck blocks, instead of regular convolutions, are applied to both saliency predictor and 

adversarial network. Best viewed in color. 
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generated by the generative network. Later, GAN is repurposed

for other research fields. For instance, image-conditioned GAN

[53] is proposed for super-resolution, perceptual GAN [54] is used

to handle the issue of small object detection, SalGAN [55] aims

at generating saliency results of given images. Recently, some

works [56,57] extend GAN to salient object detection.Pan et al.

[56] utilize the features of GAN to deal with image salient object

detection. Zhu et al. [57] model multi-scale adversarial feature

to improve performance. In this paper, we present a lightweight

adversarial network for salient object detection, which incorpo-

rates the high-level adversarial loss into the conventional saliency

prediction during network training. 

Lightweight deep model. Besides accuracy, efficiency is another

important consideration in many real applications. This motivates

a series of deep models towards lightweight architecture design.

Early works [58–61] optimize networks through manual tuning pa-

rameters. Subsequent works [26,28,30–32] capitalize on connectiv-

ity learning, network pruning, and hyper-parameter optimization

to investigate new network architecture. Recent years, newly de-

signed internal convolutional blocks, such as group convolution

and depth-wise convolution, are utilized to current lightweight

deep models [41,42,62–64] . However, none of them are de-

signed for visual saliency inferring. In this paper, we propose a

lightweight and effective deep framework for salient object detec-

tion. 

3. Lightweight adversarial network 

As illustrated in Fig. 2 , our designed LANet consists of saliency

predictor and adversarial network, both of which are built upon

lightweight bottleneck blocks, instead of regular convolutions, re-

sulting in an efficient end-to-end solution. Saliency predictor in-

volves feature extractor, multi-scale contrast module and decoder.

It is used to generate saliency maps. Specifically, given an image,

we adopt feature extractor, i.e. tailored VGG, to produce the ini-

tial feature maps, and then feed them into the multi-scale contrast

module to produce the final encoder feature maps. Afterward, the

resulting feature maps are upsampled through a decoder to yield

final saliency prediction. During the training phase, this network

is initially trained with a saliency loss over the predicted saliency

maps. Then the model is finetuned with an adversarial network

trained to solve a binary classification task between the saliency

maps predicted by LANet and the corresponding ground truth. In

this section, we provide details of the proposed LANet. 
.1. Lightweight bottleneck block 

Since lightweight bottleneck block is one of the fundamental

nits of each component in our proposed LANet, we first give its

etail description in this section. As illustrated in (a) of Fig. 3 , the

ightweight bottleneck blocks are characterized by depth-wise sep-

rable convolutions [65] , linear bottlenecks, and inverted residu-

ls. In particular, a depth-wise separable convolution is sequen-

ially decomposed into a depth-wise convolution and a point-wise

onvolution, i.e. 1 × 1 convolution. The depth-wise convolutions

lter each input channel with different convolution kernels, while

he succeeding point-wise convolutions further fuse the resultant

eatures across all channels to produce new feature representa-

ions. It can be intuitively observed that the lightweight bottleneck

lock first expands the input to higher dimension with a point-

ise convolution, then filters the high-dimensional result with a

epth-wise convolution, and finally reduces dimension of resultant

eatures via another point-wise convolution. 

The main contribution of the depth-wise separable convolution

s tremendous reduction in the computational cost. To demonstrate

his advantage, we compare computational costs of the depth-wise

eparable convolution and the regular convolution. Given an input

ensor T i ∈ R 

C i ×H i ×W i , we convolve it with kernel size K × K , result-

ng feature map T ′ 
i 

∈ R 

C j ×H i ×W i . Thus, the corresponding computa-

ional cost M of a depth-wise separable convolution is: 

 = (K 

2 × C i × H i × W i ) + (C i × C j × H i × W i ) 

= (K 

2 + C j ) × C i × H i × W i , (1)

hile the computational cost R of a regular convolution operation

s: 

 = K 

2 × C j × C i × H i × W i . (2)

herefore, the computation cost of depth-wise separable convolu-

ions is almost K 

2 , i.e. K 

2 C j / (K 

2 + C j ) , times smaller than that of

egular convolutions. 

The inverted residual in a lightweight bottleneck block is used

o speed up the procedures of training and inference. As illustrated

n (a) of Fig. 3 , it establishes shortcut link between the input lay-

rs and the layers after dimensionality reduction, which happens

nly if the stride is 1. As can be seen, the difference between the

nverted residual and the classical residual in (b) is that: the in-

erted residual in (a) links the thinner cubes (feature maps) while

he classical residual in (b) connects the thicker cubes. Moreover,
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Fig. 3. Comparison between the lightweight bottleneck block [41] and residual block [61] . + indicates an addition operation which happens only if the stride is 1, while 

the dashed arrows in (a) and (b) represent the inverted residual connection and residual connection, respectively. The thickness of each cube (i.e., feature maps), denotes its 

relative number of channels. t is the expansion rate. 
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n  
o hinder useful information from being destroyed, the bottleneck

lock gets rid of the non-linear activation in its last layer. 

.2. Adversarial training 

As discussed in aforementioned sections, when using CNN

ased models, the predicted saliency map is usually incomplete,

hat is, spatially inconsistent with the corresponding ground truth.

xisted post-processing methods, e.g. CRFs, are limited in parame-

er number of high-order potentials. Instead, we utilize adversarial

raining, incorporating an adversarial loss into saliency predictor,

o enforce higher-order spatial consistency. Specifically, we take

nto account both saliency loss � s and adversarial loss � a to train

ANet. For the sake of presentation, binary cross-entropy loss used

n the two terms is denoted as 

 bce ( ̂ z , z) = −[ z ln ̂

 z + (1 − z) ln (1 − ˆ z )] , (3)

here z ∈ {0, 1} is binary indicator. 

Saliency loss is a standard binary cross-entropy term that en-

orces the saliency model to independently predict the accurate

aliency at each pixel location, making higher-order spatial con-

istency unachievable. Given a data set of N training images x k ∈
 

H×W ×3 and a corresponding ground-truth saliency map y k ∈ {0,

} H × W , we use ˆ y = S(x ) to denote the predicted saliency map.

hen, saliency loss can be computed as 

 s ( ̂  y , y ) = 

H×W ∑ 

i =1 

� bce ( ̂  y i , y i ) = −
H×W ∑ 

i =1 

[ y i ln ̂

 y i + (1 − y i ) ln (1 − ˆ y i )] . 

(4) 

Since the adversarial network handles binary classification

roblems, resulting in much larger field-of-view than that of

aliency predictor, the adversarial training can enforce higher-order
patial consistency. We denote A ( x, y ) ∈ [0, 1] as the probability

hat adversarial network predicts y to be the ground-truth saliency

ap of x, as opposed to being the output of the saliency predictor

 ( • ). Thus adversarial loss is also represented by the binary cross-

ntropy loss: 

 a (x, y ) = � bce (A (x, y ) , 1) + � bce (A (x, S(x )) , 0) . (5)

raining the saliency predictor. Given the adversarial network, the

raining of the saliency predictor aims at minimizing the saliency

oss, while simultaneously degrading the performance of the adver-

arial network. This encourages the saliency predictor to produce

aliency maps that are hard to distinguish from ground-truth ones

or the adversarial network. As proven in work [39] , it propagates

tronger gradient to maximize � bce ( A ( x k , S ( x k )), 1) than to minimize

 bce ( A ( x k , S ( x k )), 0), thus the loss function relevant to the saliency

redictor is 

1 

N 

N ∑ 

k =1 

[ � s (S(x k ) , y k ) + λ� bce (A (x k , S(x k )) , 1)] . (6)

raining the Adversarial Network. Since adversarial loss � s only de-

ends on the adversarial network, training the adversarial network

s equivalent to minimizing the following binary classification loss

1 

N 

N ∑ 

k =1 

� a (x, y ) = 

1 

N 

N ∑ 

k =1 

� bce (A (x k , y k ) , 1) + � bce (A (x k , S(x k )) , 0) . 

(7) 

t is worth mentioning that incorporating the adversarial loss does

ot consume additional computation resources at the test phase.

ightweight bottleneck blocks, fundamental units of adversarial

etwork, also make training more efficient. The architectures of
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Fig. 4. Illustration of our proposed multi-scale contrast module. DWS denotes depth-wise separable convolutions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Architecture of the adversarial network. 
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both saliency predictor and adversarial network will be depicted

in the Section 3.4 below. 

3.3. Multi-Scale contrast module 

As discussed in the aforementioned section, our proposed

LANet, built upon the bottleneck blocks, insufficiently incorporates

the crucial global contrast prior, due to the substantial loss of the

empirical receptive field in both vanilla CNNs and lightweight bot-

tleneck blocks. To solve this problem, we propose a multi-scale

contrast module to properly incorporate both global and local con-

textual prior for accurate salient object detection. 

The spatial pyramid average pooling can utilize spatial statistics

to effectively describe the whole image, which has been proven

in [66,67] . In this work, we further extend pyramid average pool-

ing to multi-scale visual contrast representation for salient object

detection. As illustrated in Fig. 4 , the multi-scale contrast module

contains pyramid average pooling, depth-wise separable convolu-

tions (i.e. depth-wise convolutions coupled with point-wise convo-

lutions), and upsampling operation. To separately extract local and

global visual contrast information from the initial features M 1, we

take into consideration three different-level size (i.e., small, median

and large) while performing pyramid average pooling. The large-

size pooling, with the filter size of 32 × 32, is the coarsest global

pooling to generate a single bin output. The following other size

pooling, with the filter sizes of 8 × 8, 2 × 2, respectively par-

titions the feature map into different subregions, yielding pooled

representation for each corresponding sub-region with bin sizes of

4 × 4, 16 × 16. The resultant feature maps are respectively

fed into a depth-wise separable convolution layer to reduce their

channel number to 1/3 of the original one. Afterwards, we expand

the different-size output features to the size of M 1 by bilinear in-

terpolation and concatenate them with initial features M 1 to yield

the final encoder features M 2. In particular, we adopt the depth-

wise separable convolution, rather than the 1 × 1 convolution to

reduce the dimensionality, because the former can eliminate re-

dundant information while retaining the more expressive features.

The experiment in Section 4.3 shows that the depth-wise separable

convolution boosts accuracy by about 0.6% with negligible compu-

tation cost. 

3.4. Network architecture 

Architecture of Saliency Predictor. In the saliency predictor, the

feature extractor is composed of convolutional layers of VGG16

[59] , where regular convolutions are replaced with lightweight

bottleneck blocks to reduce model parameters, while the decoder

produces saliency maps by upsampling with parameter-free bilin-

ear interpolation by a factor of 16. 

Architecture of Adversarial Network. The architecture of the ad-

versarial network is illustrated in Fig. 5 . It takes as input an RGB
mage, and the corresponding saliency map, both of which are re-

ized to 224 × 224 before fed into the network. The saliency map

s either the ground truth, or generated by the saliency predictor.

s suggested in [68] , feature maps generated from two separate

ranches in Fig. 5 have the same number of channels. 

. Experimental results 

.1. Experimental setup 

Datasets. We evaluate the performance of our method on six

idely used visual saliency datasets, including MSRA-B [69] , HKU-

S [12] , ECSSD [70] , DUTOMRON [71] , SOD [72,73] and PASCAL-S

74] , all of which are available online. MSRA-B [69] comprises 50 0 0

mages with various image contents, most of which have only one

oarsely annotated salient object. On contrast, images in HKU-IS

12] have low contrast and multiple salient objects. ECSSD [70] ac-

uires 10 0 0 natural images with meaningful semantics but com-

lex structure from the Internet. Another large challenged dataset

s DUTOMRON [71] , comprising 5168 images, most of which are of

ultiple salient objects in complicated and cluttered backgrounds.

OD [72,73] comprises 300 images, each of which also possess

ultiple salient objects. PASCAL-S [74] comprises 850 images with

he ground-truth masks annotated by 12 subjects. It was built

pon the validation set of the PASCAL VOC 2010 segmentation

hallenge. Many images in this dataset face the challenges that:

ultiple salient objects are under occlusion or low contrast. To ob-

ain a fair comparison with other methods, as done in [12,49,75] ,

e combine the training sets of both the MSRA-B dataset [69] and

he HKU-IS dataset [12] as our training set for salient object detec-

ion. The validation sets in the above two datasets are also com-

ined as our validation set. Then we directly applied the trained

odel to test over every dataset. 
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Table 1 

Comparison of the size and the computational cost between dif- 

ferent networks for salient object detection. See Section 4.2 for 

details. 

Methods Params (M) MADD (G) GPU(s) CPU(s) 

MC 116.56 194.95 2.949 71.545 

MDF 56.87 21.68 29.141 750.768 

DS 134.27 180.88 0.191 4.652 

RFCN 137.70 181.65 4.863 40.259 

DCL 66.25 447.91 0.490 7.692 

DSS 62.24 250.73 0.737 7.221 

SRM 43.74 41.92 0.113 2.135 

NLDF 35.58 279.13 0.254 7.235 

UCF 23.99 80.18 0.243 15.119 

C2S 137.05 107.02 0.160 20.039 

RAS 80.93 230.19 0.058 6.806 

LANet 2.09 5.50 0.023 0.340 
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Evaluation criteria. We evaluate the performance on both ac-

uracy and efficiency. Specifically, the accuracy is evaluated using

-measure, mean absolute error (MAE) and precision-recall (PR)

urves. The predicted saliency maps are converted to a binary

asks using a threshold. The precision and recall is calculated by

omparing the binary mask against the ground truth. The PR curve

s produced by averaging precision and recall over saliency maps

f a given dataset. The F-measure is formulated as 

 β = 

(1 + β2 ) · P recision · Recall 

β2 · P recision + Recall 
, (8) 

here β2 is set as 0.3 to highlight the importance of the precision

s suggested in [17,76] . The maximum F-measure (maxF) calculated

rom the PR curve is reported. MAE [45] measures the numeri-
Table 2 

Quantitative performance comparison between different salienc

and MAE (lower is better) on six public datasets. The best thre

, respectively. See Section 4.2 for details. 
al distance between the ground truth G and an predicted saliency

ap M in a pixel-wise manner, 

 AE = 

1 

W × H 

W ∑ 

i =1 

H ∑ 

j=1 

| M (i, j) − G (i, j) | , (9)

here W and H denote the width and height of the saliency map,

 ( i, j ) denotes the saliency value of the pixel at ( i, j ) and the

ame for G ( i, j ). On the other hand, the efficiency is measured by

ultiply-adds (MADD), actual latency, and the number of parame-

ers as in [41] . 

Implementation details. Our LANet is implemented on the ten-

orflow [77] , a flexible open source architecture with strong sup-

ort for deep learning. We take the saliency predictor without

ulti-scale contrast module as a baseline model. Then, the base-

ine model integrating with adversarial network and the multi-

cale contrast module acts as our final model for still image salient

bject detection when comparing with other benchmarks and per-

orming the ablation study. During training and testing, the images

re all resized to 512 ∗512 through zero padding before fed into

he saliency predictor. We train our framework using RMSPropOp-

imizer with both decay and momentum set to 0.95. The learning

ate is initially set to 0.045 and decayed by 0.9 per epoch. Batch

ormalization is adopted after each convolution and before acti-

ation. The expansion rates in the bottleneck blocks are all set to

 as in [41] . Both saliency loss and adversarial loss functions are

ormulated as binary cross-entropy loss. We use our validation set

o search an optimal hyper parameter λ. The adversarial network

s trained using λ = 15. Experiments are performed on a desktop

ith a GeForce GTX TITAN Black GPU and a 3.60 GHz Intel proces-

or. The batch size is set to 6 in our experiment. 
y methods using maximum F-measure (higher is better) 

e results on each dataset are shown in , , and 
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Fig. 6. Comparison of precision-recall curves on four benchmark datasets: MSRA-B [69] , ECSSD [70] , HKU-IS [12] , DUTOMRON [71] . Our LANet consistently outperforms other 

methods across all the testing datasets. Best viewed in color. See Section 4.2 for details. 
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4.2. Comparison with the state of the art 

We compare our LANet against 15 state-of-the-art salient ob-

ject detection methods, including MC [13] , MDF [12] , DS [15] , RFCN

[14] , DCL [16] , DSS [17] , FSN [78] , SRM [79] , NLDF [80] , AMU [81] ,

UCF [82] , PAGR [83] , C2S [84] , HCA [85] , and RAS [86] . For fair

comparison, we use either the implementations or the saliency

maps provided by the authors. 

Table 1 show quantitative comparisons of the model size, the

computational cost and running time between aforementioned 16

different models. As can be seen, benefiting from the lightweight

bottleneck blocks, our proposed LANet yields the dramatic per-

formance on efficiency: fewest parameters, lowest computational

complexity, and least running time. Parameters of LANet is only

8.7% of that in the second fewest model UCF [12] . The computa-

tional cost of LANet is 5.50G multiply-adds, which is the lowest

among comparison models. What’s more, under lower-configured

hardware, the running time of our LANet is 0.023 s on GPU and

0.340 s on CPU, which indicates that LANet is well suited for appli-

cations on the mobile and embedded platforms, and even without

GPU, it also meets the real-time requirement. 

We also provide quantitative evaluation of the performance on

accuracy among different models. F-measure, MAE and PR curves

are used for the evaluation on accuracy. Table 2 lists out the com-

parison results of F-measure and MAE. As can be observed, our ap-

proach significantly outperforms the competing methods both in

terms of F-measure and MAE on six benchmark datasets. In par-
icular, our LANet shows a significantly improved F-measure com-

ared to the second best method, DS, for the DUTOMRON dataset

0.814 vs 0.765), which is one of the most challenging benchmarks.

his clearly proves the superior performance of LANet in complex

cenes. On the other hand, our LANet achieves a higher PR curve

han all the other models, as shown in Fig. 6 . Overall, our proposed

odel obtains the highest maximum F-measure and the lowest

AE on all the six datasets at a cost of least memory resource, due

o the refinement effect of adversarial loss and multi-scale contrast

eatures. 

From another perspective, we present visual comparisons in

ig. 7 . As can be seen, our predicted saliency is very close to the

round truth. In particular, our LANet yields considerable accurate

aliency maps in various challenging cases, e.g., low contrast be-

ween saliency and background, multiple disconnected salient ob-

ects, and multi-scale salient objects. Moreover, our model provides

ore fine local details, such as shape and sharpness of saliency

oundaries beside right salient region. To sum up, on account of

he adversarial training and multi-scale contrast module, our LANet

utperforms competing models in both accuracy and efficiency. 

.3. Ablation studies 

Since adversarial training and multi-scale contrast module

re two important components for our proposed LANet, we will

emonstrate their effectiveness and necessity in this section. For

he convenience of comparison studies, we denote the baseline
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Fig. 7. Visual comparison of saliency maps generated from state-of-the-art methods, including our LANet. The ground truth (GT) is shown in the last column. Our model 

consistently produces saliency maps closest to the ground truth. Best viewed in color. See Section 4.2 for details. 
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Table 3 

Comparison of the size and the computational cost between 

different design options. See Section 4.3 for details. 

Methods Params (M) MADD (G) GPU(s) CPU(s) 

BS 1.83 4.14 0.022 0.333 

MSC 2.09 5.50 0.023 0.340 

AN 1.83 4.14 0.022 0.333 

LANet 2.09 5.50 0.023 0.340 

p  

t  

n  

p  

o  

t

odel as BS, while the baseline model integrated with adversarial

raining or multi-scale contrast module are respectively abbre-

iated as AN, MSC. LANet is our final model for salient object

etection. 

Effectiveness of adversarial training. We first present accuracy

erformance comparison of the saliency produced using our LANet

ith and without adversarial training in the MSRA-B test set, i.e.

ANet and MSC. As can be observed in Fig. 8 , due to better en-

orcing long-range spatial contiguity, adversarial training method

ignificantly improves performance on accuracy, which is in accor-

ance with the comparison between the baseline model with and

ithout adversarial training, i.e. AN and BS. On the other hand,

e also compare the performance on efficiency, i.e. the model

ize, the computational cost and running time, between the mod-

ls with and without adversarial training. As listed in Table 3 , the
erformance of LANet and AN in all the metrics are the same as

hat in MSC and BS respectively. These results prove that it does

ot consume additional computation resources during the test

hase to incorporate the adversarial loss into our model. More-

ver, lightweight bottleneck blocks make it more memory-efficient

o train the whole network. 
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Fig. 8. Performance comparison between different design options. Best viewed in color. See Section 4.3 for details. 
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To further demonstrate adversarial training can better allevi-

ate the problem of incomplete predicted saliency map than CRFs,

we elaborately design an accuracy performance comparison of the

saliency produced using models with adversarial training and CRFs

(i.e. LANet and S-CRF) on the MSRA-B dataset. Since our designed

LANet consists of saliency predictor and adversarial network, to

fairly evaluate the performance of CRFs, we design another com-

parison method, named S-CRF, which consists of saliency predictor

for generating saliency map and a fully connected CRF for saliency

refinement. As a result, S-CRF yields maximum F-measure = 0.918

and MAE = 0.031, while maximum F-measure and MAE of our

LANet are 0.929 and 0.023, respectively. Overall, our LANet with

adversarial training achieves the better performance than S-CRF

with CRF in all the metrics. Therefore, adversarial training is more

effective than CRFs for alleviating this problem. 

Effectiveness of multi-scale contrast module. To better show the

strength of our proposed multi-scale contrast module, we pro-

vide performance comparisons in terms of accuracy and efficiency,

which are also illustrated in Fig. 8 and Table 3 . Compared with the

models without multi-scale contrast module, both MSC and LANet

produce more pronounced gains in accuracy observed on all the six

datasets, which demonstrates the capability of multi-scale contrast

module to discovery and understand subtle visual contrast among

multi-scale feature maps. 

Furthermore, instead of the point-wise convolutions 1 × 1, our

multi-scale contrast module utilizes depth-wise separable convolu-

tions to reduce the dimensions of the features while filtering out

the most important information, and yields about 1.06% (on aver-

age) improvement in F-measure. On the other hand, Table 3 lists

out the efficiency comparison between the models with and with-

out multi-scale contrast module. As can be seen, it introduces fairly

low additional overhead: very small number of extra parameters

and a negligible extra computation cost,and in return brings in re-

markable additional performance gain. 

5. Conclusion 

In this paper, we have presented a lightweight adversarial net-

work for salient object detection. Our proposed model introduces

lightweight bottleneck blocks to significantly lower the computa-

tional cost and accelerate the process of training and inference. To

enforce long-range spatial saliency contiguity, adversarial training

is incorporated into saliency predictor, while consuming no addi-

tional computation cost at the test phase. Besides, to alleviate the

limitation of contrast learning in contemporary CNN, we develop

a multi-scale contrast module to rapidly and sufficiently capture

local and global visual contrast. Comprehensive experiments

demonstrate the superiority of our model in terms of accuracy

and efficiency, and its brilliant potentials for real-time embedded

applications. 
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