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Abstract: Video saliency detection is an active research issue in both information science 

and visual psychology. In this paper, we propose an efficient video saliency-detection 

model, based on integrating object-proposal with attention networks, for efficiently 

capturing salient objects and human attention areas in the dynamic scenes of videos. In our 

algorithm, visual object features are first exploited from individual video frame, using real-

time neural networks for object detection. Then, the spatial position information of each 

frame is used to screen out the large background in the video, so as to reduce the influence 

of background noises. Finally, the results, with backgrounds removed, are further refined 

by spreading the visual clues through an adaptive weighting scheme into the later layers of 

a convolutional neural network. Experimental results, conducted on widespread and 

commonly used databases for video saliency detection, verify that our proposed framework 

outperforms existing deep models. 

Keywords: Video saliency detection; Saliency; Object proposal; Attention networks; 

Spatiotemporal features 

I.  Introduction 

In recent years, visual saliency detection (VSD) has triggered broad academic 

research in machine learning and computer vision [1, 2, 3], and is an important technique 

for many real-world applications [11, 20-26]. The aim of video saliency detection is to 

perceive and discover conspicuous objects/targets in a video sequence, simulated by the 

visual attention mechanism. Traditional static image saliency-detection methods have 

achieved impressive performances for various practical tasks [7, 12-14, 31]. However, in 



contrast to image saliency detection, it remains an intractable task to exploit the consistency 

of spatiotemporal features for video saliency detection. The main cause behind this is due 

to the complicated dynamic relations between the frames in a video sequence. Compared 

with static images, the conspicuous objects in an image are quiescent and motionless [21-

29, 32-40]. In a video sequence, these attractive objects in the successive frames are 

steadily altering and gradually evolving as time goes by. Therefore, the key of saliency 

modelling for intra-frames and inter-frames is to constantly discover those relevant, 

remarkable and moving objects, via the simultaneous consideration of spatial and temporal 

clues, which is currently still an open problem and remains a challenge for the research 

community [42-47]. 

In this paper, we propose a model, which integrates object proposal with attention 

networks via visual selectivity in computing saliency. The main novelties and contributions 

of our proposed method are as follows: 

➢ The YOLO model is used to roughly select salient object proposals. The object spatial 

position prior can not only improve the detection accuracy, but also wipe off the 

irrelevant background noises simultaneously. 

➢ With the aid of spatial cues from object proposals, the alpha channel feature is added 

to alleviate the unfavourable effect of the complex background in the video frames. 

➢ To further highlight salient objects with temporal consistency, a weight sharing strategy 

is proposed, which uses an attention mechanism to capture the spatiotemporal features 

in a video sequence, so as to refine the quality of the final saliency maps. 

The remainder of this paper is arranged as follows. Section 2 is an overview of 

different salient-object detection models. Section 3 introduces meticulously the proposed 

video saliency detection framework. Section 4 presents the experiment results for our 

proposed method and state-of-the-art methods for salient object detection on benchmark 

data sets. A conclusion is drawn in Section 5. 

 

2. RELATED WORK 

Recently, video saliency detection has inspired wide interests of researchers in 

different disciplines. Seo and Milanfar [1] proposed an effective approach for 



spatiotemporal video saliency detection. In the algorithm, a bottom-up model was devised 

based on low-level contrastive clues of an input frame, by estimating the degree of saliency 

for each pixel, in view of the surrounding neighbourhoods. Later, Xi et al. [2] proposed to 

apply the background visual cue in static images to video saliency detection, which 

identified conspicuous regions in a video sequence. Liu et al. [4] used super-pixels as the 

initial computational cell for calculating saliency values, with the spatial and 

spatiotemporal saliency priors considered. Based on the underlying cues and wavelet-

transform visual features, Jian et al. [5] presented a multi-scale approach for facial feature 

localization via saliency detection modelling. In [6], an efficient video saliency-detection 

approach was proposed, in light of integrating spatiotemporal clues, as well as diffusing 

low-rank homogeneity. In order to handle video sequences with intensive motion and 

complex backgrounds, a novel spatiotemporal saliency framework was constructed by 

using a graph-based propagation strategy [47]. An effective saliency-detection framework 

was presented to detect intriguing objects in video frames with the use of fully 

convolutional networks [9]. On the basis of extracting visual clues from compressed video 

streams, a saliency-detection algorithm was constructed via computing the differentiation 

of visual image characteristics [10]. With the use of recurrent fully convolutional networks, 

a video saliency-detection model was proposed [15]. In [16], an efficient visual salient 

target detection framework was designed combining multiresolution context-sensitive 

features through a reductive algorithm. Based on the evolution of spatiotemporal clues, an 

efficient video saliency detection system was presented via exploiting the temporal and 

spatial characteristics simultaneously [18]. On the basis of spatiotemporal propagation, a 

video saliency detection framework, with the aid of convolutional neural networks, was 

proposed in [28]. In [41], Long et al. utilized fully convolutional networks to generate 

pixel-wise saliency values via an inference procedure. Recently, Song et al. [43] explored 

an effective video saliency detection method based on a pyramid dilated deeper convLSTM, 

by simultaneously extracting multi-scale spatiotemporal information. 

Traditional video saliency-detection models have reached a certain level; however, most 

current video saliency-detection models are still deficient in terms of the consistent 

utilization of spatiotemporal information. In order to tackle this issue, this paper focuses 



on exploiting the consistency of spatio-temporal information for reliable video saliency-

detection.  

Inspired by the frameworks based on deep networks [16, 28], in this paper, we 

propose an efficient saliency-detection model, which can attain consistency of 

spatiotemporal clues while preserving content variability of video sequences. The first part 

of our method is to employ YOLOv3 [8] to extract object proposals. Meanwhile, the center 

prior is applied to generate the corresponding grayscale image with the background 

removed. Then, the intermediately processed images are fused by an attention sharing 

network, via an adaptive weighting strategy, to produce the final saliency map, as shown 

in Figure 1.  

This is an extended version of our work published in [40]. Compared to our previous 

paper, the algorithm is further enhanced by performing background filtering, which 

employs the object proposals detected by YOLO to remove the interference from 

backgrounds. Furthermore, the coordinates of those marked objects are precisely located 

via adding the alpha channel feature. Extensive experiments have been conducted to 

evaluate and compare our proposed method with nine state-of-the-art methods, based on 

three widely utilized and freely accessible datasets. Experiment results show that our 

method achieves promising performance. 

 

 
Figure 1. Results of different stages of the proposed algorithm. (a) Initial image, (b) YOLOv3 

output with an object proposal, (c) the image with backgrounds removed, (d) the center clue, (e) 
results without using the alpha channel, and (f) the final saliency map. 

 



Figure 2. The proposed saliency-detection framework (called SE-Net). 

R: random combination of original frames and object proposal frames to the input attention network. 
There are three parallel networks in the designed framework, and their corresponding inputs are 

the previous frame (Ft-1), the current frame (Ft) and the next frame (Ft+1). These three parallel 

networks are uniform, for conciseness, only the intermediate network in Figure 2 shows the 

attention mechanism, which exists in all the three networks simultaneously, preparing for the next 
weight distribution. 

 

3. THE PROPOSED METHOD 

The proposed framework is illustrated in Fig. 2, which is composed of three parallel 

attention networks, as shown on the right. The details of the input and the three networks 

will be given in Sections 3.1 and 3.2, respectively. Specifically, the preprocessing of a 

video sequence and the generation of object proposals are presented in Section 3.1. Then, 

the attention networks for inter-frame saliency object detection is described in Section 3.2. 

The structure of the three parallel deep networks is similar. In order to avoid the loss of 

any potential conspicuous targets inside the object proposals, i.e., against the dropping of 

any salient objects during the generation of object proposals, the middle deep network has 

the original current frame as its input, while the other two networks have the previous and 

next frames as their corresponding input with their backgrounds removed based on region 

proposals. Then, the loss function used to train the networks is the binary cross entropy 

function. In particular, with the aid of attention mechanism in the proposed networks, the 

diversity weights between the current frame and the previous frame can be shared into the 

current three parallel networks. During the adoption of attention mechanism, weight 

distribution of the network layer of each stage is handled by a fallon process to obtain 

individual one-dimensional feature (namely differential weight). 



 

3.1. Preprocessing of video frames 

In our method, the video under consideration is first input to the YOLOv3 network [8], 

which predicts the bounding boxes of potential object proposals. YOLOv3 is adopted, for 

its high detection accuracy and efficiency. Figure 3 shows some detection results. Based 

on the detected region proposals, the video frames are processed, and are then fed to the 

attention networks for saliency detection.  

 

 
Figure 3. Examples of object proposals generated by the YOLOv3 network. The bounding-box 

outputs generated by YOLOv3 are from (a) car in the DAVIS dataset, (b) camel101 in the FBMS 

dataset, (c) monkey in the SegTrack2 dataset, and (d) waterski in the USVD dataset. 

 

In our method, the video input is pre-processed, based on the object proposals provided 

by YOLOv3, before being applied to the three attention networks. The previous frame, 

current frame, and next frame of a video sequence are denoted as 1tF − , tF , and 1tF + , 

respectively.  

There are three parallel networks in the framework of this paper, and their corresponding 

inputs are the previous frame 1tF − , the current frame tF  and the next frame 1tF + . In the 

beginning, when the three frames are entered into the network at the same time, the current 

frame is the original input frame without any processing at the beginning, the previous 

frame and the next frame are entered as inputs after the target extraction (i.e. salient object 



extraction), respectively. What follows is that the input of these three frames is random, 

but there is a point that there is always one original video-frame in the input of the three 

images.  

The purpose is to make sure effectively that the objects in the background will not be 

ignored. The three parallel networks are exactly the same, to be concise, only the 

intermediate network in Figure 2 gives the attention mechanism, which exists in all three 

networks at the same time, preparing for the next weight redistribution. The attention 

mechanism here combines the squeeze and exception module in SE-Net in Fig. 2 to extract 

the weights of each channel in the three parallel networks to help the network learn the 

important feature information and serve the weight sharing in the next step. 

The loss function used by these three networks is cross-entropy loss function, and the 

network model is an end-to-end input and output, with the input frame corresponding to 

the output video frame. At the beginning of the input, we not only input the video frames 

which are preprocessed after target extraction, assuring that the framework can generate 

more stable and reliable saliency images of the video frame. 

When a frame is fed to YOLOv3, each of its salient objects is described by a bounding 

box, whose spatial location is represented as xb , yb , wb  and hb . They are expressed as 

follows: 
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where xt , yt , wt  and ht  are the spatial information predicted by YOLOv3 for 

describing the position and size of a bounding box, and ( )   is  the output of the 

corresponding Gaussian Yolo layer. xC  and yC  are the top-left coordinates of the cell 

of the bounding box. The a priori width and height of the bounding box are wp
 and hp , 

respectively. 

In our method, each frame is first converted to a grayscale image. According to human 

visual perception, the eyes focus on the centre of a salient object. The significance of its 



surrounding pixels, i.e. its neighbourhood, becomes weaker, when farther away from the 

centre. Therefore, detecting a region proposal, we add a transparent (alpha) channel to the 

grayscale image for saliency detection based on the centre of the region proposal. The alpha 

value at each pixel position in the frame is defined by a Gaussian function, as follows: 

𝑎(𝑥𝑖, 𝑦𝑖) = 𝑒

√(𝑥𝑐−𝑥𝑖)2+(𝑦𝑐−𝑦𝑖)2

𝛿2 ,
                 

(2)
 

where ( , )c cx y  represent the centre coordinates of the bounding box, ( , )i ix y  denotes a 

pixel position in the current frame, and   is dynamically set as the ratio of the width W

and the height H  of the bounding box. 

In order to reduce the interference from the backgrounds in a video frame and to 

increase the efficiency and accuracy for saliency detection, we further refine the alpha 

values as follows: 

𝑎(𝑥𝑖, 𝑦𝑖) = {
𝑎 = 𝑎, if (𝑥𝑖, 𝑦𝑖 ) ∈ 𝐴𝑟𝑒𝑎𝑏,
𝑎 = 0, otherwise,                 

(3)
 

where bArea  is the area of an object proposal, indicating that the pixel is close to a salient 

object. When the pixel at ( , )i ix y  is inside an object proposal, the alpha value is kept 

unchanged, otherwise, the pixel is assumed to be in the background and is set at zero, as 

shown in Fig. 4. The frame 𝐹𝑡 processed by background removal is denoted as 𝐹𝑡
′. 

 

 
Figure 4. Examples of background removal by object proposals on different images: (a) bmx-trees, 

(b) monkey, (c) waterski, and (d) camel01. 



3.2. Deep networks for saliency detection 

Figure 2 shows the proposed framework, which is composed of three deep neural 

networks in parallel, with each of three consecutive frames, i.e. the previous frame, current 

frame, and next frame, as the respective input to the three networks. The output of these 

three networks corresponds to the saliency map for the three frames. Then, the architecture 

of the network is based on a fully convolutional network (FCN) [9, 15, 41, 42], with a 

compound network structure in which three FCNs are performed and random combination 

of original input frames and object proposal frames to the input attention network at the 

same time. We express those three time-continuous video images of the feeding package 

by symbols with 1tF − , tF , and 1tF +  (i.e., three temporally continuous video frame) of 

the FCN framework. Features are extracted from each frame of the input video by the early 

layers of the designed deep neural network, which is a stack of convolutional layers. To 

describe the function and operations of the deep network, suppose that the image tF  is an 

input to the FCN, the outputs of each convolutional layer are a range of feature vectors, 

with dimension of h ×w ×c, where h, w and c are the height, length, and the number of 

color channels. Among these convolving layers, an assumed image or a feature map is 

utilized to be the fresh processing union, while a multi-layer feature matrix is attained via 

a series of convolution kernels. In particular, every feature map is produced by convolving 

by using a trainable linear kernel per every coordinate in the feeding feature map. Suppose 

that the feeding feature map from the previous layer is expressed by mF , with convolving 

operations whose parameters default to the kernel weight 
cW  as well as bias 

cb , hence 

the export feature graph can be expressed as follows: 

,c c s m cy W F b=  +
                         (4) 

where s  indicates the convolving function, and s  denotes the stride of the convolving 

calculation. 

During the experimental setup, there are multiple choices to be adopted in the 

activation operation (e.g., ReLU, Sigmoid) of the convolving layer. Furthermore, max 

pooling is applied behind the convolving layer, in consideration of dwindling the feature 

graph’s dimension as well as maintaining the prime visual properties of the video sequence 

while decreasing the computational burden of the devised model. 



Owing to the subsampling mechanism in the convolving and pooling layers, these 

generative feature maps are illegible and inconsistent with the resolution of initial video 

frames. To overcome the obstacle, upsampling operation is performed within multi-layer 

deconvolving. Afterwards, the homologous feature graph of the convolving layer before 

subsampling is weighted and distributed by the feeding video image. Therefore, 

upsampling manipulation of the feature graph and the multi-layer deconvolving is set at 

upper part of the designed deep architecture. The following mathematical expressions are 

given to establish formalized representations: 

,v c sq Y V=   and                      (5) 

* ,p d s v dy W Q b= +                       (6) 

where   denotes the multiply instruction, cY
 expresses the definitive layer integrated 

with the feature map, while sV
 expresses the weight distributing parameter across distinct 

video sequences. Besides, dW  denotes the kernel weight with a bias d
b  among 

individual convolving layer. With an aim of guaranteeing the feeding frames and outport 

feature graph of identical dimension, the upsampling stride size is also assigned as s . Then, 

the learned feature graph generated by the present feeding image is py
, while vQ

 denotes 

a feature graph attained by means of weight sharing manipulation. The loss function in the 

designed deep networks can be written:  

( , ) ( , ),predict trainL w l w =                   (7) 

where   represents the group of total parameters while w  expresses the weights in the 

relevant network layer. And l  denotes the binary cross-entropy loss, which is employed 

to achieve class equilibrium across the estimated saliency Y{0,1}N to its  homologous 

ground truth G{0,1}N: 

1

{(1 ) log (1 ) log(1 )},
N

i i i i

i

l a g y a g y
=

= − − + − −             (8) 

where N H W=  represents the dimension of a feeding video image, a is the weight 

balance and ig
 is geared to G , while iy

 is part of Y  accordingly. 

3.3. Weight distributing mechanism 

In this section, we describe the weight distribution mechanism in our proposed deep 

architecture. After extracting the weight of each channel in each network through SE-Net 



module, we share the weights of each network, take their mean value, and assign them to 

the top output of three parallel networks to achieve the goal of sharing the weights of each 

network and modifying the features. Its advantage is to obtain better temporal and spatial 

consistency among video frames.  

Since distinct video images are uncorrelated between or among inter frames during 

importing them concurrently in the FCN network, nevertheless, the feeding package (e.g. 

the forward -, present - and backward - frame) in the video clip may be associated and 

consecutive in visual saliency detection. For the benefit of retaining the integrity of 

spatiotemporal coherence across the image sequence, in the lower part as well as central-

upper part of the developed deep architecture, a weight distributing procedure is designed, 

as shown in Figure 5. Hence, the vector in the developed framework is expressed as: 

( ( );512),t t tV D F y=  and                   (9) 
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where ( )tF 
 represents flatten treatment and ( )D   denotes densely-connected with a 512 

dimensional vector, correspondingly.  

 

Figure 5. Illustration of the weight distributing procedure. 

The feature graph of invidual image turns into its homologous vector with one dimension via the 

flattening and densing manipulations. Specifically, Va, Vb, and Vs denote the weight distributing 

vectors between or among inter frames, accordingly. 

3.4. Saliency elaboration 

As remarked above, the designed deep framework is able to generate estimated saliency 

maps via an end-to-end deep network model. Nevertheless, the contextual interference of 



video frames is frequently emerged during the procedure of computing since the scene 

background is often transposed owing to the motion of foreground targets. With the 

purpose of scraping off the contextual interference and ameliorating a far better saliency 

graph, these produced saliency graphs outputted via the devised deep networks can be 

further purified based on the salient object’ spatial-position clue with a pixel-by-pixel 

manipulation, as is displayed in Figure 1(d). 

4. Experiments 

To evaluate the performance of the proposed video saliency-detection framework, 

we will describe, in detail, the data sets used in our experiments, the evaluation metrics, 

the state-of-the-art saliency-detection methods to be compared, and the evaluation protocol.  

4.1. Benchmark Databases and Experimental Setup  

We evaluate the performance of the proposed video saliency-detection algorithm on 

four typically used benchmark databases, including the Densely Annotated Video 

Segmentation (DAVIS) database [44], the Freiburg-Berkeley Motion Segmentation 

(FBMS) database [45], the Video Segmentation by Tracking (SegTrack2) database [46], 

and the Unconstrained Videos for Saliency Detection (UVSD) database [47]. DAVIS is 

one of the most widely utilized and sophisticated video databases, which contains 80 high-

quality video clips with labelled ground truths. The FBMS database has 59 outdoor scene 

snippets, which presents diverse challenges, such as significant background motion, as well 

as significant occlusion. Only the keyframes (this dataset just gives keyframes in its video) 

of each video are pixel-level annotated. The SegTrack2 dataset provides various types of 

motion videos, comprised of different scenes with large shape changes, complex 

backgrounds, severe light interference, and fast movement. The UVSD video database 

includes some challenging clips with vigorous frame-translation, as well as varying 

backgrounds, for video saliency-detection assessment. These four widely used public 

datasets have more than 140 video clips, and nearly 22,000 sequence frames in total, which 

cover many aspects of real-life scenes, videos with complex backgrounds, as well as 

diverse salient objects, including vehicles, animals, sports and games. For each of these 

four broadly used databases, 75% of the data is used for training, while the remainder is 

for testing. 



4.2. Visual Performance Comparison 

To effectively evaluate the proposed saliency-detection framework, nine representative 

saliency-detection approaches are selected for quantitative comparison. These 

representative models include video saliency detection using spatiotemporal background 

priors (STBP) [1], the superpixel-based spatiotemporal saliency detection model (SPVM) 

[4], the video saliency-detection method based on spatiotemporal fusion and low-rank 

representation (SFLR) [6], the saliency detection model using superpixel-based graph and 

spatiotemporal propagation (SGSP) [8], saliency-aware geodesic distance-based video 

saliency detection (SAG) [11], the method based on random walk with restart and 

validation-based saliency detection (RWRV) [17], motion-based bilateral networks model 

(MBNM) [18], the model based on spatiotemporal constrained optimization (SCOM) [28], 

and pyramid dilated deeper convLSTM (PDB) [43]. These compared methods include 

traditional spatiotemporal-based methods, such as STBP [1], SFLR [6], SGSP [8], SAG 

[11], and RWRV [17], and deep-network-based frameworks, such as MBNM [18], SCOM 

[28], and PDB [43]. 

 
Figure 6. Visual assessment of different saliency-detection frameworks on the DAVIS dataset[44]. 

(a) Original input frames, (b) Ground truths, (c) SPVM, (d) SAG, (e)RWRV, (g) SGSP, (h) SFLR, 

(i) STBP, (j) MBNM, (k) SCOM, (l) PDB, and (m) our proposed framework. 

 

Figure 6 displays some comparison results obtained by the different methods on the 

DAVIS dataset [44]. Figure 6(a) shows the two video frames with an interval of 9, from 

two different video clips. The samples in the first two rows belong to the category “bmx-

trees”, while the samples in the next two rows belong to “car-shadow”, both from the 

DAVIS database. Figures 6(e)-6(i) show the results of different methods. Due to the 



different backgrounds in the two videos, some of the traditional methods fail to produce 

satisfactory results, e.g., STBP [1] and RWRV [17]. Compared to the other methods, our 

proposed model, i.e., Figure 6(m), is able to generate more intricate saliency maps for 

complicated targets (as illustrated in Figure 6(b)). 

 

 
Figure 7. Visual assessment of different saliency-detection frameworks on the USVD dataset [47]. 

(a) Original input frames, (b) Ground truths, (c) SPVM, (d) SAG, (e)RWRV, (g) SGSP, (h) SFLR, 
(i) STBP, (j) MBNM, (k) SCOM, (l) PDB, and (m) our proposed framework. 

 

Figure 7 shows some visual results by the different video saliency-detection models, 

on the USVD database [45]. As illustrated in Figures 7(c), 7(d), 7(e), and 7(i), conventional 

saliency-detection frameworks, e.g., SPVM [4], SAG [11], SGSP [8], STBP [1], and 

RWRV [17], cannot produce satisfactory saliency maps for those video clips with 

camcorder shake and intensive target motion. In contrast, deep-learning models, e.g., 

MBNM [18] and PDB [43], can satisfactorily handle these kinds of video clips and generate 

saliency maps with higher accuracy. As shown in Fig. 7(m), our proposed model is able to 

achieve promising saliency-detection results, irrespective of varying or static backgrounds.  

 



 
Figure 8. Visual assessment of different saliency-detection frameworks on the FBMS dataset [45]. 

(a) Original input frames, (b) Ground-truth, (c) SPVM, (d) SAG, (e)RWRV, (g) SGSP, (h) SFLR, 

(i) STBP, (j) MBNM, (k) SCOM, (l) PDB, and (m) our proposed framework. 
. 

 

Figure 8 shows the results generated by the different video saliency-detection 

frameworks on the FBMS data set [47]. From Figures 8(c) - 8(g), we can see that those 

traditional video saliency detection methods are prone to producing background noises in 

the saliency maps. Compared with other video saliency-detection methods, our proposed 

method is able to eliminate the background noises, as shown in Figure 8(m), and can better 

highlight the salient objects. Our detection results are more similar to the ground truths, 

shown in Fig. 8(b), when compared to other methods. The main reason for this is that our 

method utilizes the spatial centre cue of each object proposal to alleviate the adverse effects 

of the complicated backgrounds in the video clips. 

 
Figure 9. Visual assessment of different saliency-detection frameworks on the SegTrack2 dataset 
[46]. (a) Original input frames, (b) Ground truths, (c) SPVM, (d) SAG, (e)RWRV, (g) SGSP, (h) 

SFLR, (i) STBP, (j) MBNM, (k) SCOM, (l) PDB,and (m) our proposed framework. 

 



Figure 9 shows some saliency-detection results generated by the different models on 

the SegTrack2 data set [46]. As we can see in Figures 9(j) - 9(l), those deep-learning-based 

saliency-detection methods, i.e., MBNM [18], SCOM [28], and PDB [43], are able to 

achieve satisfactory results, when compared to the ground truth. Figure 9(m) shows the 

saliency-detection results of our proposed model. We can see that our method can more 

accurately highlight salient objects from complicated backgrounds and have clearer 

boundaries than the other compared approaches.  

4.3. Objective Performance Assessment and Analysis 

To objectively assess the performance of the different video saliency-detection 

methods, three evaluation metrics are applied to measure the experimental results: the 

average P-R curve (Precision-Recall curve [1, 4-12]), F-measure [17-19, 32], and Mean 

Absolute Error (MAE) [4-14, 37]. In the evaluation of saliency-detection results, the 

Precision rate P represents the proportion of a detected salient region overlapped with its 

ground-truth salient region, and the Recall rate R is the proportion of the total detected 

salient-object region overlapped with the corresponding ground truth over the total area of 

the ground-truth region. 

  To evaluate a saliency map, the cut-off threshold is varied from 0 to 255 to produce a P-

R curve. Figure 10 shows the average P-R curves of the different saliency-detection 

methods. The results show that the proposed model outperforms the other compared 

models.  



 

Figure 10. Quantitative results in terms of P-R curves produced by different saliency-detection 

methods. (a) DAVIS [44], (b) FBMS [47], (c) USVD [45], and (d) SegTrack2 [46] databases.  

 

The metric, F-measure, represents a global evaluation calculated via adjusting the level of 

equilibrium between precision and recall, and is defined as follows: 
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where 0.3 =  is usually employed in experiments [1, 18, 28, 32]. 

The mean absolute error (MAE) is adopted to reflect the mean absolute difference 

between a generated saliency probability map P and its ground truth G, which is computed 

as follows: 
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where h  and 
w  are the height and width, respectively, of the image.  



 

Table 1. Comparison of the different saliency-detection methods, in terms of the maximum F-

measure and MAE, on the DAVIS [44], FBMS [47], USVD [45], and SegTrack2 [46] data sets. 

Methods 

DAVIS USVD FBMS SegTrack2 

𝑭𝒎𝒂𝒙 ↑ 𝑴𝑨𝑬 ↓ 𝑭𝒎𝒂𝒙 ↑ 𝐌𝐀𝐄 ↓ 𝑭𝒎𝒂𝒙 ↑ 𝐌𝐀𝐄 ↓ 𝑭𝒎𝒂𝒙 ↑ 𝐌𝐀𝐄 ↓ 

MBMN[18] 0.895 0.029 0.683 0.064 0.800 0.056 0.838 0.028 

SAG[11] 0.537 0.105 0.482 0.114 0.519 0.163 0.558 0.077 

RWRV[17] 0.245 0.207 0.196 0.193 0.140 0.247 0.327 0.182 

PDB[43] 0.840 0.026 0.783 0.021 0.811 0.066 0.785 0.026 

SCOM[28] 0.709 0.051 0.539 0.206 0.589 0.076 0.605 0.030 

SFLR[6] 0.727 0.055 0.506 0.062 0.524 0.115 0.652 0.039 

SGSP[8] 0.655 0.132 0.474 0.168 0.416 0.180 0.578 0.141 

SPVM[4] 0.385 0.150 0.267 0.147 0.241 0.201 0.475 0.100 

STBP[1] 0.466 0.101 0.397 0.098 0.402 0.149 0.548 0.065 

Ours 0.901 0.025 0.818 0.021 0.826 0.054 0.845 0.023 
 

 

Table 1 shows the quantitative measures of the different saliency-detection methods, 

in terms of the maximum F-measure and MAE, on the DAVIS [44], FBMS [47], USVD 

[45], and SegTrack2 [46] data sets. From Table 1, it can be observed that our proposed 

model outperforms other saliency-detection methods. Experimental results prove that the 

proposed method, which combines object proposals with attention networks, is promising 

and efficient for video saliency detection. 

5. Conclusion 

In this paper, we have exploited deep attention networks for video saliency detection. In 

the proposed model, the information about the spatial location of potential object proposals 

can be used to effectively filter out background noises. Furthermore, based on a weight-

sharing mechanism, the consistency of the saliency maps between consecutive frames can 

be improved effectively by capturing the spatial and temporal features in the dynamic video 

scenes. Extensive experiments have been performed on four widely used databases for 

video saliency detection. Experiment results show that our method outperforms existing 

video-saliency detection methods. 

Deep networks based models are generally facing the issue of weak interpretability of 

knowledge. With the advantage of the principle of visual psychology, low-level image 

clues (e.g. contrast, texture) make up the disadvantage of neural networks and are helpful 



for video saliency-detection. Thus, we adopted low-level image clues to enhance the 

interpretability of video saliency-detection model, and will therefore be our future research 

direction. 
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