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A Gated Fusion Network for Dynamic Saliency
Prediction

Aysun Kocak, Erkut Erdem and Aykut Erdem

AbstractPredicting saliency in videos is a challenging prob-
lem due to complex modeling of interactions between spatial
and temporal information, especially when ever-changing, dy-
namic nature of videos is considered. Recently, researchers have
proposed large-scale datasets and models that take advantage of
deep learning as a way to understand what'’s important for video ;
saliency. These approaches, however, learn to combine spatial and F
temporal features in a static manner and do not adapt themselves
much to the changes in the video content. In this paper, we
introduce Gated Fusion Network for dynamic saliency (GFSal-
Net), the rst deep saliency model capable of making predictions A single input frame and its corrd=our consecutive overlaid frames and
in a dynamic way via gated fusion mechanism. Moreover, our  gponding xation map their overlaid xation maps
model also exploits spatial and channel-wise attention within a
multi-scale architecture that further allows for highly accurate  Fig. 1: Predicting video saliency requires nding a harmonious
predictions. We evaluate the proposed approach on a number jnteraction between appearance and temporal information. For
of datasets, and our experimental analysis demonstrates that it example, while the rst row shows a case in which attention

outperforms or is highly competitive with the state of the art. . : . .
Importantly, we show that it has a good generalization ability, 1S 9uided more by visual appearance, in the second row,

and moreover, exploits temporal information more effectively via motion is the most determining factor for attention. Hence,
its adaptive fusion scheme. we speculate that an adaptive scheme would be better suited

Index Terms dynamic saliency estimation, gated fusion, deep fOr this task.
saliency networks

gained some attraction, but it still remains a largely unexplored
eld of research. Video saliency models (also called dynamie
Human visual system employs visual attention mechanissaliency models) aim to predict attention grabbing regions ia
to effectively deal with huge amount of information by fo-dynamically changing scenes. While static saliency estimatian
cusing only on salient or attention grabbing parts of a scerm@nsiders only low-level and high-level spatial cues, dynamig
and thus ltering out irrelevant stimuli. Saliency estimatiorsaliency needs to take into account temporal information tae
methods offer different computational models of attentioas there is evidence that moving objects or object parts can
to mimic this key component of our visual system. Thes&so guide our attention. Motion and appearance play comple-
methods generate a so-called saliency map within whichnmeentary roles in human attention and their signi cance can
pixel value indicates the likelihood of that pixel being xatedchange over time. As we illustrate in Fig. 1, in dynamic scenes,
by a human. Since the pioneering work bf [1], this researdtumans tend to focus more on moving parts of the scene and
area has gained a lot of interest in the last few decades (pletige eye xations change over time, showing the importance
refer to [2] for an overview), and it has found to have practicalf motion cues (bottom row). On the other hand, when there
use in a variety of computer vision tasks such as visual qualigy practically no motion in the scene, low-level appearance
assessment 3] [4], image and video resizing [5], [6], videeues dominantly guide our attention and we focus more an
summarization[[7], to name a few. Early saliency predictiotihe regions showing different visual characteristics than their
approaches use low-level (color, orientation, intensity) and/surroundings (top row). Motivated by these observations, i
high-level (pedestrians, faces, text, etc.) image features tlds work, we develop a deep dynamic saliency model which
estimate salient regions. While low-level cues are used handles spatial and temporal changes in the visual stimuli in
detect regions that are different from their surroundings, topn adaptive manner. 60
down cues are used to infer high-level semantics to guide theThe rst generation of dynamic saliency methods wereo
model. For example, humans tend to focus some object classiesply extensions of the static saliency approacees,[10], =
more than others. Recently, deep learning based models higa], [12], [13], [14]. In other words, these methods adapted
started to dominate over the traditional approaches as thhg strategies proposed for static scenes and mostly modi ed
can directly learn both low and high-level features relevatitem to work on either 3D feature maps that are formed by
for saliency prediction[[8],.[9]. stacking 2D spatial features over time or 2D feature maps
Most of the literature on saliency estimation focuses ancoding motion information like optical ow images. Sev-
static images. Lately, predicting saliency in videos has algeoal follow-up works, however, have approached the problem

I. INTRODUCTION
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from a fresh perspective and developed specialized methdeatures related to motion such as the optical ow infors:
for dynamic saliency detectiore.g. [15], [16], [17], [18], mation. For example,[ [10] proposed a saliency predictian
[19], [20], [21], [22], [23]. These models either utilize noveimethod called PQFT that predicts the salient regions via the
spatio-temporal features or employ data-driven techniquesptioase spectrum of Fourier Transform of the given image. 1a
learn relevant features from data. As with the case of stafmrticular, PQFT generates a quaternion image representation
of-the-art static saliency models, approaches based on dégpusing color, intensity, orientation and motion features and
learning have also shown promise for dynamic saliency. Thesgtimates the salient regions in the frequency domain by usisg
studies basically explore different neural architectures used fthis combined representation. [11] extracted salient parts .af
processing temporal and spatial information in a joint mannetideo frames by similarly performing a spectral analysis of the
and they either use 3D convolutions [24], LSTMs|[24],][25lrames considering both spatial and temporal domains. [12]
or multi-stream architectures that encode temporal informatiemployed local regression kernels as features to calculate
separately[[26],[127],[128]. self similarities between pixels or voxels for gure-groundas
In this work, we introduce Gated Fusion Network for videsegregation. [[13] extended the previously proposed static
saliency (GFSalNet). Our proposed network model is radicakbaliency model by[[45]'s model by including motion cuess
different from the previously proposed deep models in thta the graph-theoretic formulation. [46] employ a two streams
it includes a novel content-driven fusion scheme to combigproach that generates spatial saliency map (using color and
spatial and temporal streams in a more dynamic manner.téxture features) and temporal saliency map (using optical omé
particular, our model is based on two-stream CNNS [29], [30ature) separately and combines these maps with an entropy
which have been successfully applied to various video analybased adaptive method. [14] proposed a dynamic salienay
tasks. To our interest, these architectures are inspired by thedel for activity recognition that works in an unsuperviseg:
ventral and dorsal pathways which are suggested to subsenanner. Their method is based on an encoding scheme that
object identi cation and motion perception, respectivélyl [31]considers color along with motion cues. 153
[32], in the human visual cortex_[33]. Although the use Following these early approaches, the researchers staited
of two-stream CNNs in video saliency prediction has bedn develop novel video saliency models speci cally designee
investigated before [27], the main novelty of our work liefor dynamic stimuli. For instance| [IL5] proposed a sparsiiy
in the ability to fuse appearance and motion informatiobased framework that generates spatial saliency maps and
in a spatio-temporally coordinated manner by estimating themporal saliency maps separatelty based on entropy gain
importance of each cue with respect based on the current vidawl temporal consistency, respectively, and then combines
content. them. [16] integrated several visual cues such as static and
The rest of the paper is organized as follows: In Section dynamic image features based on color, texture, edge distsi-
we give a brief overview of the existing dynamic saliencpution, motion boundary histograms, through learning-based
approaches. In Section 3, we present the details of our pfgsion strategies and later employed this dynamic saliengy
posed deep architecture for video saliency. In Section 4, wedel for action recognition.[17] suggested a learning-based
give the details of our experimental setup, including evaluationodel that generates a candidate set regions with the use
metrics, datasets and the competing dynamic saliency modekgxisting methods and then predicts gaze transitions over
and discuss the results of our experiments. Finally, in the lsgtbsequent video frames conditionally on these regions. [18]
section, we offer some concluding remarks. proposed a simple dynamic saliency model that combings
Our codes and prede ned models, along with the salienépatial saliency maps with temporal saliency using pixebs
maps extracted with our approach, will be publicly availablé¢ise maximum operation. In their work, while the spatiako
at the project websitg saliency maps are extracted using multi-scale analysis .0f
low-level features, temporal saliency maps are obtained by
examining dynamic consistency of motion through an opticat
ow model. [19] suggested an approach that independently
Early visual saliency models can be dated back to 198@stimates superpixel-level and pixel-level temporal and spa-
with the Feature Integration Theory Hy [34]. The rst model¢ial saliency maps and subsequently combines them using
of saliency, such a$ [35].][1], provide computational solutior@n adaptive fusion strategy. [20] proposed an approach that
to [34], and since then a notable number of saliency modelgersegments video frames by using both spatial and tera-
are developed, most of which deal with static scenes. For a g@ral information and estimates the saliency score for eagh
tailed list of pre-deep learning saliency estimation approach&ggion by computing the regional contrast values via |owes
please refer td ]2]. After the availability of large-scale dataseisyel features extracted from these regions.| [21] suggesied
researchers proposed various deep learning based modeldddearn a Iter bank from low-level features for xations. i
static saliency that outperformed previous approaches byThis lterbank encodes the association between local featuse
large margin[[35],[[371,[138],[139].[140],/141]/142]143],[ 144]. patterns and probabilities of human xations, and is used to rer
Early models for dynamic saliencygenerally depend on Weight xation candidates.[[22] formulated another dynamigs
previously proposed static saliency models. Adaptation &#liency model by exploiting the compressibility principleuws
these models to dynamic scenes is achieved by considervigre recently,[2B] proposed a saliency model (called AWSs
D) for dynamic scenes by considering the observation that
Ihttps://hucvl.github.io/GFSalNet/ high-order statistical structures carry most of the perceptually
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relevant information. AWS-D[[23] removes the second-ordelifferent model called TASED-Net, which utilizes a 3D fully-zs
information from input sequence via a whitening processonvolutional encoder-decoder network architecture where the
Then, it computes bottom-up spatial saliency maps usingeacoded features are spatially upsampled while aggregatingthe
Iter bank at multiple scales, and temporal saliency maps wittlemporal information.[[66] recently developed another twas
the use of a 3D lter bank. Finally, it combines all these mapstream spatiotemporal salieny model called STRA-Net that
by considering their relative signi cance. considers dense residual cross connections and a composite
In addition to the aforementioned studies, some researchatention module. 254
also investigated the problem of salient object detection inThe aforementioned dynamic saliency models suffer from
videos where the main aim is not to predict human xatiodifferent drawbacks. The early methods employ (hand-craftes)
maps in each frame but to detect foreground objects almiv-level features that do not provide a high-level understang-
their boundaries that pop out as compared to their surroung of the video frames. Deep models eliminate this pitfall bys
ings [47], [48], [49], [50], [51], [52], [58]. Some of the deeputilizing an end-to-end learning strategy and, hence, provide
salient object detection methods also uses global and lobelter saliency predictions. They differ from each other by hows
information by processing information at multiple levelsi[54]they include motion information within their respective archis:
[55], [56], [57], [58], [59], [60], [61]. Since, these methods ardectures. As we reviewed, the two main alternative approaches
trained on salient object segmentation datasets and evaluatetlide using recurrent connections or processing data »in
differently than the saliency prediction models, we do natultiple streams. Although RNN-based models help to encogde
include these studies in our experimental evaluation. temporal information with less amount of parameters, the
Deep learning based dynamic saliency modelfiave encoding procedure compresses all the relevant informatian
received attention only recenthyl. [24] proposed a recurremmto a single vector representation, which affects the robustness
mixture density network (RMDN) for spatio-temporal visuakspecially for longer sequences. In that respect, the accuracyof
attention. The method uses a C3D architectlre [62] asthee two-stream models do not, in general, degrade as the length
backbone to integrate spatial and temporal information. Thif a sequence increases. Moreover, they are more interpretable
representation module is fed to a Long Short-Term Memoas they need to perform fusion of spatial and temporal featusas
(LSTM) network, which is connected to Mixture Density Netin an explicit manner. On the other hand, their performanee
work (MDN) whose outputs are the parameters of a Gaussid@pends on accurate estimation of the optical ow maps used
mixture model expressing the saliency map of each frdme. [24§ input to the temporal stream. Hence, most of these twe-
suggested a two stream CNN modell[28],][30] which considestream models employ recent deep-learning based optical ow
the motion and appearance clues in videos. While, optical oestimation models and even some of them uses some additienal
images are used to feed the temporal stream, raw RGB frarpest-processing steps such as con ning the absolute values:of
are used as input for the spatial stream.| [26] presented the magnitudes within a certain interval to avoid noise, as in
attention network to predict where driver is focused. In thiSTRA-Net [66]. Our proposed model also uses a two-stream
work, the authors also proposed a dataset that consists of eggproach, but as we will show, it exploits a novel and mose
centric and car-centric driving videos and eye tracking datiynamic fusion strategy, which boosts the performance and

belongs to the videos. Their network consists of three indepdurther improves the interpretability. 282
dent paths, namely spatial, temporal and semantic paths. While
the spatial path uses raw RGB data as input, the temporal one l1l. OUR MODEL 283

uses optical ow data to integrate motion information and the A general overview of our proposed spatio-temporal nets
last one processes the segmentation prediction on the scenek architecture is given in Fig.[4(a). We use a two-stream
given by the model by [€3]. In the nal layer of the network,architecture that processes temporal and spatial informatian
the three independent maps are summed and then normalizedeparate streams, similar to the onelinl [27]. That is, we
to obtain the nal saliency mapl [28] proposed a deep modedspectively feed the spatial stream and temporal stream with
called OM-CNN which consists of two subnetworks, namelRGB video frames and the corresponding optical ow images
objectness subnet to highlight the regions that contain ams inputs. Different than_[27], however, our network coniso
object, motion subnet to encode temporal information, whobées information coming from several levels (Secfion T}I-Aj:
outputs are then combined to generate some spatio-temparradl fuses both streams via a novel dynamic fusion strat-
features.[[25] proposed a model called ACLNet which employgy (Sectior] TlI-C). We additionally utilize attention blocksss
a CNN-LSTM architecture to predict human gaze in dynamiSectior] TlI-B) to select more relevant features to further boost
scenes. The proposed approach focuses static information it performance of our model. Here, we use a pre-trained
an attention module and allows an LSTM to focus on learnirigesNet-50 model [67] as the backbone of our saliency netwask
dynamic information. Recently/ [64] proposed an encodess commonly explored by the previous saliency studies. 4n
decoder based deep neural network called SalEMA, whiplarticular, we remove the average pooling and fully connected
employs a convolutional recurrent neural network method tayers after the last residual blocliRdsBlock4) and then s
include temporal information. In particular, it processes adapt it for saliency prediction by adding extra blocks. Using
sequence of RGB video frames as input to employ spatResNet-50 model allows us to encode both low-, mid- and
and temporal information with the temporal information beingigh-level cues in the visual stimuli in an ef cient manners:
inferred by the weighted average of the convolution state bforeover, the number of network parameters is much smalier
the current frame and all the previous framesl| [65] suggestedsaacompared to other alternative backbone networks. 304
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Fig. 2: Our two-stream dynamic saliency model uses RGB frames for spatial stream and optical ow images for temporal
stream. These streams are integrated with a dynamic fusion strategy that we referred to as gated fusion. Our architecture alsc
employs multi-level information block to fuse multi-scale features extracted at different levels of the network and attention
blocks for feature selection. While the spatial attention block de nes spatial importance weights for individual feature maps,
the channel-wise attention block introduces feature-level weighting which allows for a better use of context information.

as  A. Multi-level Information Block performance of a neural network architecture proposed for asy

ws  As its name implies, the purpose of multi-level informatioffOMPUter vision problem, such as object detection [74]), visual
2 block is to let the information extracted at different levelguestion answering [75], pose estimatibnl[76], image captioas
= guide the saliency prediction process. It has proven to B [77] and salient object detectidn [72]. Motivated with these
= useful that employing a multi-level/multiscale structure almo&PServations, in our work, we integrate several attention blocks
w0 always improves the performance for many different visiolp OUr Proposed deep architecture to let the model choase
.1 tasks such as object detectidn|[68], segmentafion [69], [78}€ Most relevant features for the dynamic saliency estimation
=2 [71], and static saliency detection [72[, [73]. In our work, wéroblem. Resembling the structures inl[77].1[72], we exploit
+s  also employ a multi-level information block to enhance featuf¥/0 Separate attention mechanisrapatial and channel-wise s
e learning capability of our model. Speci cally, it allows low-, atténtion, as explained below. _ _ s
s mid-, and high-level information to be fused together and to be Fig- [48-(i)) shows our spatial attention block, which we
s taken into account simultaneously while making predictiondntroduce at the lower levels of our network model (see[Fib. 22)
a7 Fig.[B-(i) shows the proposed multi-level information blocikhat helps to lter out the irrelevant information. The blockss
ua that we employ in our model. This block considers lowi@kes the output oResBlock4, shapedB C  H = W] s
s level and high-level representations of frames by processiff? C = 2048, as input and it determines the importank
=0 features maps which are extracted at each residual blotg&ations by calculating a weight tensor, which is shaped
=1 The aim is to combine primitive image features (eegges, (B 1 H W] To estimate this tensor, input channels.
= shared common patterns) obtained at lower levels with ri@k€ fuséd vial 1 convolution layer following by a sigmoid s
2 semantic information (e.gbject parts, faces, text) extracted@Yer- The output (shapg@ C H  W]) of this block is a
= at higher levels of the network. Here, we prefer to utitize1 ~result of Hadamard product between input and spatial weight
2 convolution and bilinear interpolation layers to combine cud§nsor- 356
2 from higher and lower levels. That is, after each residual block, The second type of our attention block, the channel-wise at-
= we expand the feature map with bilinear interpolation to makgntion block, is shown in Fig[2b-(iii), whose main purpose iss
2 equal size of the feature map with the size of the output of th utilize the context information in a more ef cient way. Thess
a9 previous residual block. Then, we concatenate the expan&&%k consists of average pooling, full connected and Reld

= feature map with the previous residual block’s output and fulgyers. In particular, it takes the concatenation of the featuse
« themvial 1 convolution layers. maps from the main stream and multi-level information block.

as input which is shapg® 96 H W], then downsamples s

) it with average pooling (output shape[B 96]). The weight s

= B. Attention Blocks of each channel is determined after two fully connected layess
333 Neural attention mechanisms allow for learning to pafpllowed by ReLUs. The shape of the matrices Be 24] s
s attention to features more useful for a given task, and heneed[B  96] respectively. The output of last ReLU which ise
as it has been demonstrated many times that they can boostshapedB 96 1 1], contains a scalar value to weightss
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Hadamard Product where represents the Hadamard product operation. Finally
Temporal Stream (S;) . . . . .
T Bxxtha | R it generates the nal saliency magsina , via weighting o
the appearance and temporal streams’ feature maps with the
< estimated probability map: 409
oo 5 y
) g a Saliency Map _ 0 0.
5 ; § T T ?+ [ BxIxHeW ] Stinal = Sp + St 3)
g 3 — As mentioned earlier, appearance and motion are the two
T - - Bl T important cues affecting attended regions in videos. Fjg..4
Appearance Stream (S,)

visualizes how gated fusion block adaptively integrates these
two visual modalities on two sample video sequences. While
Fig. 3: Gated fusion block. It integrates the spatial anghe appearance stream computes a saliency $aafrom the .
temporal streams to learn a weighted gating scheme to @SB frame, the temporal stream extracts a second saliengy
termine their contributions in predicting dynamic saliency ahap St from the optical image obtained from successivas
the current input video frame. frames. As can be seen, these intermediate maps encode differ-
ent characteristic of the input dynamic stimuli. The appearance

. based saliency map, mostly focuses on the regions that haves
each channel. At the end of the block, the input feature m@pstinct visual properties than theirs surroundings, whereas

[ BxIxHxW ]

is weighted via Hadamard product. the motion based saliency mapr mainly pay attention
to motion. Gated fusion scheme estimates spatially varying
C. Gated Fusion Block probability mapsGa and Gr and employs them to integrates:

One of the main contributions of our framework is tdhe appearance and temporal streams, respectively, resulting:in
employ a dynamic fusion strategy to combine temporal af@ore con dent pred?ct!ons. The spatial stream generally givas
spatial information. Gated fusion has been exploited before fé{ore accurate predictions than the temporal stream, as will e
different problems such as image dehazing [78], image deblgresented in the Expenments section. On the other handzas
ring [79], semantic segmentation |80]. The main purpose f&N be seen from the estimated weight m@asandGr, the s
use a gated fusion block is to combine different kind of infoigated fusion scheme in the proposed model has a tendencysto
mation with a dynamic structure which considers the curreR@y more attention to the temporal stream. We suspect that
inputs’ characteristics. For example, in [80] feature maps th;ggs is bgcause the model copsiders that it may carry auxiliasy
are generated via RGB information and depth information igformation. In that regard, it can be also argued that the
combined for solving semantic segmentation. In our case, diPPosed gated fusion block improves the interpretability @t
aim is to come up with a fusion module that considers ttfIr deéep model on a given visual stimuli via the estimated
content of the video at inference time. To our knowledge, wobabilty maps as they allow us to highlight which regionss
are the rst to provide a truly dynamic approach for dynamié'€ ignored or paid more attention by the appearance and the

saliency. As opposed to the classical learning based approad§8aoral streams throughout the sequence. a7
that learn the contributions of temporal and spatial streams in
a static manner from the training data, our gated fusion block IV. EXPERIMENTS 438

performs the fusion process in an adaptive way. That is, itHere, we rst provide a brief review of the datasets useg
decides the contribution of each stream on a location- afilour experimental analysis. Then, we give the details of ous
time-aware manner according to the content of the video. training procedure including the loss functions and settings
The structure of the proposed gated fusion block is showye use to train our proposed model. Next, we summarize the
in Fig.[3. It takes the feature maps of the spatial and tempoeslaluation metrics and the dynamic saliency models used:in
streams as inputs and produces a probability map whichogr experiments. We then discuss our ndings and present
used to designate contribution of each stream with regardgeme qualitative and quantitative results. Finally, we present
their current characteristics. L&a, St denote the feature an ablation study to evaluate the effectiveness of the blocks
maps from spatial and temporal streams, respectively. Gatsicthe proposed dynamic saliency model. aa
fusion module rst concatenates these features and then learns
their correlations by applying & 1 convolution layer. After A. Datasets
that, it uses a sigmoid layer to regularize the feature map
which is used to estimate weights of the gate. Ggt and
Gt denote how con dently we can rely on appearance a
motion, respectively, as follows:

448

In our experiments, we employ six different datasets t@
fyaluate the effectiveness of the proposed saliency model.
The rst four, namely UCF-Sports| [81], Holywood-2 [82], s:
DHF1K [25], and DIEM [83], are the most commonly useds.

Ga=P; Gr=1 P; (1) benchmarks. Among them, we specically utilize DIEMuss
whereP is the output of the sigmoid layer. Then, gated fusioH) test the genera_thzatlon_ ability of our model. The last
module estimates the weights denoting the contributions of thvéo datasets considered in our analysis, DIEM-Métal [84}
spatial and temporal streams, as given below: and' LEDOV—Mgta [84], are two recently proposed datase’a%

particularly designed to explore the performance of a dynamic

SQ=Sy Ga; S¥=Sr Gr; (2) saliency model under situations where understanding tempasal
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Fig. 4: Gated fusion block estimates the nal saliency map by combining the appearance and the tempofsl mapSt
with the spatially varying weight&, andGr.

effects is critical to give results more compatible with human800 test videos. The ground truth xation data for the test splib
is intentionally kept hidden and the evaluation of a model an

UCF-Sports dataset([81] is the smallest dataset in terms of it8€ test data is carried out by the authors themselves.
size, consisting of 150 videos obtained from 13 different actianiEM [83] includes 84 natural videos. Each video sequenee
classes. It is originally collected for action recognition, buias eye xation data collected from approximately 50 different
then enriched by [€2] to include eye xation data. The videosuman subjects. Following the common experimental setup
are annotated by 4 subjects under free-viewing conditiofst considered in [17], we used all frames from 64 videoss
In the experiments, we used the same train/test splits givii training and the rst 300 frames from the remaining 20
in [85]. videos as test set. a0

Holywood-2 dataset [[82] contains 1,707 videos fronp|Em-Meta [84] and LEDOV-Meta [84] are two so-called s
Hollywood-2 action recognition dataset [86], among Whicheta datasets collected from the existing video salieney
823. are u;ed for trammg and the remaining 884 are left fgpiasets DIEM[[83] and LEDOV [28], respectively. The maim:
testing. Since the videos are collected from 69 Hollywoogifference between these and the aforementioned datasets
movies with 12 action categories, its content is limited t@as in the characteristics of the video frames they consides.
human actions. In_[82], the authors collected human xatiofney are constructed by eliminating the video frames from
data for each sequence from 3 subjects under free-viewiid@ir original counterparts where spatial patterns are generally
condition. In our experiments, we use all train and test fram%ough to predict where people look. To detect them, they
DHF1K [25] is the most recent and the largest video salien@mploy a deep static saliency model that they developed.
dataset, which contains a total of 1000 videos with eye trackilJEM-Meta and DIEM-Meta are thus better testbeds fass
data collected from 17 different human subjects. The authargaluating whether or not a dynamic saliency model learns.to
split the dataset into 600 training, 100 validation videos antgse the temporal domain effectively. DIEM-Meta contains onkyo

2379-8920 (c) 2021 |EEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: ULAKBIM UASL - KOC UNIVERSITY. Downloaded on July 08,2021 at 07:44:31 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCDS.2021.3094974, IEEE
Transactions on Cognitive and Developmental Systems

7

+  35% of the video frames from DIEM, LEDOV-Meta includes Let P denote the predicted saliency map, represent ss
sz just 20% of the original LEDOV frames. ground truth (binary) xation map collected from humarss
subjects andS be the ground truth (continuous) xationsss
density map which is generated by blurring xation maps witko
a small Gaussian kernel. 561
504 As we mentioned previously, our network takes RGB video KL-divergence is a widely used metric to compare twe.
s frames and optical ow images as inputs. We extract thgrobability distributions. It has been proven to be effective:
s frames from the videos by considering their original framfor evaluating and trainig the performance of saliency models
7 rate. We employ these RGB frames to feed our appearanggere the ground truth xation mag and the predicted sss
ss Stream. For the temporal stream, we generate the optigaliency mapP are interpreted as probability distributionssss

5

=}

sz B. Training Procedure

s OW images between two consecutive frames by using PW@ormally, KL-divergence loss function is de ned as: 567
s0  Net [87]. We resize all the input images 680 480 pixels .
i i i X S(i)
su and map the ground truth xation points accordingly. Lk (P;S) = S(i)log : . 4)
s12 Instead of training our dynamic saliency network from i P ()

si3  Scratch, we rst train the subnet for the appearance stream . . . S
su on SALICON dataset/ [88]. Then, we initialize the weights NSS is a location based metric which is computed as the

sis  Of both of our subnets for spatial and temporal streaniy€rage of thg normglized predicted saliency values "?‘t xat_esd
s with this pre-trained static saliency model and netune oJPc@tions thatis provided with the ground truth. By using thiso
si7 - Whole two-stream network model using the dynamic salien etric as a IOS,S funcﬂop, we force the salilenc'y mpdel to better
sie  datasets described above. Pre-training on static data all ect the_ xation I_ocat|ons_ and assign h'gh likelihood scoret.a
= our dynamic saliency model to converge in fewer epocitng those pixel locations. This loss function is de ned as below:
s0 When trained on dynamic stimuli. We use Kullback-Leibler oo 1 : o

sz (KL) divergence and Normalized Scanpath Saliency (NSS) Lnss (PiF) = N PH F@): ®)

s2 loss functions (which we will explain in detail later) with : =

s Adam optimizer during the training process. We set the initiafhere N is the total number of xated pixels ; F(i) and s«

=4 learning rate to 10e-5 and reduce it to one tenth in evepy s the normalized saliency ma'?s%. s
s 3000th iteration. The batch size is set to 8 for UCF-Sports 576
ss and 16 for the other video datasets. We train our model onoyr nal loss function is then de ned as: -

sz NVIDIA V100 GPUs (3 GPUs) and while one epoch takes

s approximately 2 days for the larger datasets of DHF1K, DIEM L(P;F;S)= Lk (P;S) + Lnss(P;F);  (6)

s and Hollywood-2, it takes approximately 2 hours for UCF- i i i

s Sports. We train our models for 2-3 epochs. Our (unoptimize@f1€€L kL iS the KL loss functionLyss is the NSS loss s
= Pytorch implementation achieves a near real-time performarjtigction. and and are the weights for these loss functionsss

= of 8.2 fps for frames of siz640 4800n a NVidia Tesla k40c Ve rst perform a set of experiments on SALICON dataseto
s GPU. to empirically determine the optimal values ofand , and e

= For our experiments on standard benchmark datasets, {Yg" Set =1 and = 0:1 for all the experiments. o

s consider two different training settings for dynamic stimuli.

= In our rst setting, we use the training split of the dataset, Evaluation Metrics and Compared Saliency Models s
ss7  under consideration to train our proposed model. On the other ) )

= hand, in our second setting, we utilize a combined training N OUr evaluation, we.err.lploy the following ve commonlyss:
= set containing training sequences from both UCF-Sporf§Ported saliency metrics: Area Under Curve (AUC-Judd)s

=0 Hollywood-2 and DHF1K datasets. The second setting furthBFarson's Correlation Coef cient (CC), Normalized Scanpath
. allows us to test the generalization ability of our model oga/iency (NSS), Similarity Metric (SIM) and KL-divergences

2 DIEM. DIEM-Meta and LEDOV-Meta datasets. (KLDiv). For a detailed analysis of these metrics and theis
' de nitions, please refer to[[90]. Each metric measures sa
saa  LOss functions. In our work, we employ the combination Opifferent aspect of visual saliency and none of them is superiar

sss  KL-divergence and NSS loss functions to train our proposé? th_e ot_hers. AUC metric Cons_lders the s(;ihbency map as
s dynamic saliency model. As explored in previous studies, [S%asy cation map. A ROC curve is constituted by measuring

543

s [25], considering more than one loss function during trainin e true and false positive rates under different binary classi es

s iN general, improves the model performance. Moreover, e resholds. While a score of 1 indicates a perfect match.»a
. pirical experiments on the analysis of the existing automafig®'e close to 0.5 indicates the performance of chance. N&S
sso evaluation metrics in [90] have shown that KL-divergence arjd another _common_ly_ used metric, Wh'c_h we formally O_'e F‘ed;s
ss1  NSS are good choices for evaluating saliency models. Hepgfore while describing our loss functions. CC metric is &

= we should also note that we have one loss layer de ned fgl,s’tribution based metric which is used to measure the linear

= the output of the merged branch. We do not de ne individusf!ationship between saliency and xation maps using the

= losses for the motion and appearance branches as we bell@J/gWing formula: 600
sss  that they should work in harmony and complement each other (P;S)
s in a content-dependent manner. CC(P;S) = ) @)
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«1 where corresponds to covariance. A CC value close to +1/JABLE |- Performance comparison on UCF-Sports dataset.
« demonstrates a perfect linear relationship. SIM is another po?€ Pest and the second best performing models are shown in
sz Ular metric that measures the similarity between the predicteeIOI typeface and underlined, respectively.

ss and human saliency maps,xas de ned below: Met.ho‘d T MgtnF AUC-J* CC' NSS' SIM"  KLDiv#
SIM(P; S) = min(Pi; S) Static  SalGAN 0.869 0.389 2074 0258 2.169
_ PQFT* 0.776 0211 1.189 0.157 2.458
X "X Fang et al.*|| 0.879 0.387 2319 0.247 2.012
where Pi=1land §=1 (8) AWS-D* 0.845 0313 1.870 0.195 2.202
i i Bak et al. 0.864 0.387 2231 0130 2575
_ ) S ~ Dynamic OM-CNN 0.880 0.398 2443 0.294  1.902
es KLDIiv metric evaluates the dissimilatrity between two distri- ACLNet 0.876 0.367 2.045 0.292 2.135
; i ; ; SalEMA 0.895 0.470 2979 0.384 1.728
606 but.|ons. Since KLDiv repregents the difference be_twe_en the STRA-Net 0902 0479 2916 0384 2483
s7 Saliency map and the density map, a smgll value indicates a TASED-Net || 0887 0453 2680 0369 1.876
ss good result. However, we note that, according to the aforemérBurs Spatial 0.870 0461 3.029 0.377 2504
i ; ; |t4Single) Temporal 0.851 0.418 2.535 0.345 2.721
e tioned study,_NSS and CC seem to provide more fair resultgsrs Setting T o056 333 0387 — 1516
s In our experiments, we report the scores obtalneq with th@zated) Setting 2 0911 0.499 2980 0353 1.568
e implementations provided by MIT benchmark welite * Non-deep learning model

612 We compare our method with ten different models: Sal-
sz GAN [01], PQFT [10], [46], AWS-D [[23], [[2F], OM- TABLE II: Performance comparison on Hollywood-2 dataset.
su CNN [28], ACLNet [25], SalEMA [64], STRA-Netl[66], and —————emic
sis  TASED-Net [65]. Among these, SalGAN [91] is the only static Method C

AUC-J" CC" NSS" SIM" KLDiv#

e saliency model that gives the state-of-the-art results in thg®@lic  SalGAN 0892 0428 2383 0298 1.760
) . - PQFT* 0.680 0.150 0.610 0.139 2.387
ei7 image datasets. We evaluate this method on video datasets Fangetal*|| 0862 0312 1614 0221 1781
sis considering each frame as a static image. PQET [10], [46], AV\/kS-D*I 0.747 0227 0994 0.193  2.256
” ) ; Bak et al. 0.840 0.310 1.439 0.158 2.339
eo and AWS-D [23] are non-deep Iearn!ng modells whereas a_H) namic OM-CNN 0893 0430 2625 0330 1896
e0 the other models employs deep learning techniques to predic ACLNet 0.899 0459 2463 0342 1.701
s1 Where people look in videos. We note thatlinl[27], the authors ?EXIQ 8.813 8-223 gggg 004230 22-51157
. . . . . . . -Net . . . . .
2 tested different fusion strategies with S'[E?ltIC We_|ght|ng sch_eme'ls TASED-Net || 0916 0570 3324 0471 2740
s and here we only report the results obtained with convolutionaburs — Spatial 0904 0501 3.051 0.378 1.473
24 fusion strategy, which was shown to perform better than théSingle) Temporal 0898 0489 2581 0362 1.468
others Ours Setting 1 0.914 0549 3.114 0413 1.277
o ' _ _ _ . (Gated) Setting 2 0.919 0563 3.201 0424 1.242
626 In our experiments, we use the implementations and I on-deep learning model

ez trained models provided by the authors and test our approach

22 against them with the settings explained in Sec. [V-A for

20 fair comparison. In particular, after a careful analysis, weasinga gating mechanism allows the model to better handie
s0 Notice that some methods do not report results on whatee variations throughout video sequence, thus resulting cin
s test set of Hollywood-2 and/or they mistakenly consider taskaore accurate saliency maps on this action-speci ¢ relatively
s2 Speci ¢ gaze data collected for UCF-Sports while generatirginall dataset. 654
s the groundtruth xation density maps. Hence, some of thRerformance on Hollywood-2. In our experiments on ess
a4 results are different than those reported in the papers IMsllywood-2 dataset, we use all the frames from the test
a5 they give a better picture of their performances. Moreover, get that contains 884 video sequences. In that regard, itsis
s OUr experiments, we also provide the results of single-streahe largest test set that we considered in our experimental
s versions of our model that respectively consider either spat@laluation. In Tablg ]I, we provide comparison against the

ss  Or temporal information. competing saliency models. Our results show that our model
gives better saliency predictions than all the other methods
s D. Qualitative and Quantitative Results in terms of the AUC-J and KLDiv metrics. The performance:

0 Performance on UCF-Sports.Table[] reports the ComparativeOf thg model trained considering our second_training set.tilag
ea1  results on UCF-Sports test set, which contains 43 sequenége.t includes a larger and more dlvgrse trglnlng set prowdes
«2 As can be seen, the single-stream versions of our propofBHch Petter results than the one trained with the rst settings
«s model gives worse scores than our full model. Moreovef! lrms of the remaining evaluation metrics, our results ase
«s spatial stream generally predicts saliency much better than {H&NY competitive as compared to the recent state-of-the-aft
s temporal stream, which is a trend that we observe on the otifiipdels, namely STRA-Net and TASED-Net, as well. 068

s standard benchmark datasets too. Our model trained On|y%§1|rformance on DHF1K. We test the performance of Ourss

s UCF-Sports outperforms all the competing models in most t°del on the recently proposed DHF1K video saliency dataset,

= the metrics. It results in a performance very close to thodlich includes 300 test videos. As mentioned before, the
o of SalEMA and STRA-Net in terms of SIM. We believe thafnhotations for the test split are not publicly available and

= weighting the predictions by the spatial and temporal streaijs the evaluations are carried out externally by the authors «f
the dataset. As Table ]Il shows, our proposed model achieves

Zhttps:/lgithub.com/cvzoya/saliency/tree/master/cémi®letrics performance on par with the state-of-the-art models. In terms
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TABLE III: Performance comparison on DHF1K dataset. TABLE V: Performance comparison on DIEM-Meta dataset.

‘
Il

‘
I

‘ « . Metric B " " " * . Metric " " " u ;
Method SERE O AUC-JT CcCt O NSS" SIM Method . AUC-J* CC" NSS" SIM" KLDiv#
Static  SalGAN 0.866 0.370 2.043 0.262 ACLNet 0.845 0437 1627 0391 1473
PQFT* 0.699 0.137 0.749 0.139 SalEMA 0.832 0.392 1576 0.374 1664
Fang et al.*|| 0.819 0.273 1.539 0.198 STRA-Net 0.840 0419 1.637 0.385 1634
AWS-D* 0.703 0.174 0.940 0.157 TASED-Net 0.857 0.455 1.810 0.416 1.479
Bak et al. 0.834 0.325 1.632 0.197 Ours 0857 0460 1.814 0.395 1.305
Dynamic OM-CNN 0.856 0.344 1911 0.256
ACLNet 0.890 0434 2354 0.315 TABLE VI: Performance comparison on LEDOV-Meta
SalEMA 0.890 0.449 2.574 0.466 dataset
STRA-Net 0.895 0.458 2.558 0.355 .
TASED-Net | 0.895 0.470 2.667 0.361 —————Metic . - - .
Ours™ Setting 1 0.891 0448 2505 0.326 Method S AUC-J*  CC" NSS" SIM" KLDiv#
(Gated) Setting 2 0.895 0457 2528 0.321 ACLNet 0879 0.384 1.750 0.342 1.837
* Non-deep learning model SalEMA 0.863 0.380 1.815 0.353  1.850
STRA-Net 0.893 0.423 2041 0.370 2304
) . TASED-Net 0.882 0.489 2450 0.403 1.697
TABLE IV: Performance comparison on DIEM dataset. ¢ 0.892 0457 2190 0370 1485
T, Metric . . . . -
Method JETE O AUC->t cct NSS' SIMY KLDiv#
Stafic _ SalGAN 0.860 0.492 2068 0392 1431 gatasets are curated in a special way to contain video frames
PQFT* 0680 0190 0656 0220 2140 .7 .. | sianal found to b . b
Fang etal*|| 0825 0360 1407 0313 168 N Which temporal signals are found to be more in uentiabs
AWS-D* 0.768 0313 1228 0.272 1.825 than appearance cues. Hence, they both offer a better way
Baketal. | 0810 0313 1212 0206 2050 {5 test how well a dynamic saliency model utilizes temporab
Dynamic OM-CNN 0847 0464 2037 0381 1599 . . ynam | yl : b
SalEMA 0.863 0513 2.249 0452 2393 proposed model with the state-of-the-art deep saliency modeis,
STRA-Net || 0.864  0.527 2.277 0456 2461  \hich are all trained on the combined training set that includes
TASED-Net | 0.872 0535 2259 0470 2.635 f » DIEM LEDOV d A b
Ours  Spatial 0.868 0512 2202 0439 1.387 Irames from or atasets. As can be seef
(Single) Temporal 0.846  0.446 1785 0391 1513 from Table[ and Tabl¢ VI, our model outperforms all the:w
Ours ~ Setting 1 0870 0543 2313 0454 1401  other models in DIEM-Meta, and is the second best model
(Gated) Setting 2 0.874 0525 2228 0421 1.176

* Non-deep learning model

of AUC-J, along with the recent STRA-Net and TASED-Ne
models, it outperforms all the other saliency models. In term

of CC, our model gives roughly the second best result.

Performance on DIEM. We also evaluate our model on DIEM
test set consisting of 20 videos. Taple] IV summarizes the
guantitative results. As can be seen, our model achieves
highest scores in NSS and KLDiv metrics and very competiti
in others. The second setting demonstrates the generaliza
capability of our proposed approach as compared to the recBfl
models like SalEMA, STRA-Net and TASED-Net.

in LEDOV-Meta, achieving highly competitive performancesus
These results demonstrate the effectiveness of the proposed
gated mechanism and its ability to use temporal information 1@
Ehe full extent, as compared to the state-of-the-art approaches.
SOveraII, the results reported on all the six datasets usedrin
our experimental analysis suggest that our model has better
capacity to mimic human attention mechanism by combining
temporal and static clues in an effective way. It has a better
émeralization ability that it can predict where people look akt

\; e videos from unseen domains much better. Moreover,~it

HgHzes the temporal information more successfully with itg.
}ed fusion mechanism, which adaptively integrates spatial
and temporal cues depending on video content. 726

In Fig.[3, we show some sample saliency maps predicted by ]
our proposed model and three other deep saliency networks:Ablation study. 77

ACLNet, SalEMA, STRA-Net, and TASED-Net models. As In this section, we aim to analyze the in uence of eachs
one can observe, our model makes generally better predicticesnponent of our proposed deep dynamic saliency moded.
than the competing approaches. For instance, for the sequeWee perform the ablation study on UCF-Sports, DIEM-Metas
from UCF-Sports (Fig[]5a) most the models fail to identify EDOV-Meta datasets by disabling or removing some blocks
the salient region on the swimmer, or for the sequence frooh our model and by examining how these changes affect the
the Hollywood-2 dataset (Fid.] 5b) our model is the onlynodel performance. As done in training our proposed modeb,
model that correctly predicts the soldier at the center of ther each version of our model under evaluation, we rst train.
background as salient. Similar kind of observations are alassingle stream model on SALICON dataset and then use it:#0
valid for the sample sequences from DHF1K (Hi¢. 5c) andetune the actual two-stream version on UCF-Sports dataset.
DIEM (Fig. [Bd) datasets. Table [VI] shows the contributions of different components;

of our saliency model on UCF-Sports dataset. Moreover, @
Performance on DIEM-Meta and LEDOV-Meta. As men- demonstrate the generalization capabilities of each versian
tioned before, [[84] have recently showed that most of thef our model, in Table VIl and Tablé X, we evaluatewo
current benchmarks for video saliency include many sequentlesir performance on LEDOV-Meta and DIEM-Meta datasets;
in which spatial attention is more dominant than temporagéspectively. In the following, we summarize our observations:
effects in describing saliency. DIEM-Meta and LEDOV-Meta 743

2379-8920 (c) 2021 |EEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: ULAKBIM UASL - KOC UNIVERSITY. Downloaded on July 08,2021 at 07:44:31 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCDS.2021.3094974, IEEE
Transactions on Cognitive and Developmental Systems

Ours

SalEMA

ACLNet

TASED-Net
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(a) UCF-Sports
; ¢

Ours

SalEMA

ACLNet

TASED-Net

_ *’*% -,,,.ihgn_f:-s \&%m- e
(c) DHF1K (d) DIEM

Fig. 5: Qualitative results of our proposed framework and the deep learning based SalEMA, ACLNet and SalGAN models.
Our approach, in general, produces more accurate saliency predictions than these state-of-the-art models.

STRA-Net

Effect of gated fusion. As we emphasized before, the roleanalysis, we replace the gated fusion block with a standasd
of gated fusion block is to adaptively integrate spatial arl 1 convolution layer (that version of our model is referred tes
temporal streams is a key component of our model. In our
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Fig. 6: Our model dynamically decides the contribution of motion and appearance streams via gated fusion. Here, we plot the
average motion probabilities (the contribution of motion stream) for two regions having different characteristic, one containing

a moving object (the gummy bear) and the other with relatively no motion, shown with red and blue, respectively. As can be
seen, our model assigns higher weights to the motion stream when motion becomes the dominant visual cue, and the weights

adaptively change throughout the sequence.

«s as wio gated fusion . As can be seen from Table VII-IX, the ~ TABLE VII: Ablation study on UCF-Sports dataset.
x performance of the model decreases considerably without th&x X QMetric
s gated fusion mechanism. That is, using a dynamic weightin8fc"h®

AUC-J" CC" NSS" SIM" KLDiv#

i o i ""W/o spatial attention 0.872 0.474 2.884 0.374 2223

=2 Strategy, instead of a xed weighting scheme (learnedlvidl  wio channel-wise attention 0.892 0489 2923 0319 1707
s convolution), generates much better predictions. Fig. 6 showsvdp spatial & ch.-wise attentior)|  0.875 0447  2.885 0.364  2.646
. . . . . w/o multi-level information 0.890 0484 2.755 0.303 1.711

7 Visualization of how our proposed gated fusion operates in af), gated fusion 0900 0480 2913 0353  1.676
s adaptive manner, demonstrating the behavior of the weighting!l model 0.914 0526 3.333 0.382 1516

s scheme for both static and dynamic parts of a given video. In )
s particular, we plot the motion probabilities averaged within TABLE VIII: Ablation study on LEDOV-Meta dataset.
= the corresponding .image regipns over time, .which cIe.ar?{yM);téJ )J\A)egric AUCT GO NSS' S KLDivE
7 Sshows that the motlpn probability (_the contrlt?ut|on qf mc_)t|opwl0 spatal attez):t(ion o859 0380 LSl 050 2001

w0 Stream) for the region that contains a moving object iS, iMyo channel-wise attention 0.884 0420 1997 0318  1.589

7 general, much higher than that of the static region. Moreovery/o spatial & ch.-wise attentior)  0.820 0310 1487 0297 2906

= depending on the characteristics of the regions, it shows the® é“;g;'f:;'o':f‘"ma“on 0895 Qa%s AOm 08w LS

s changes in the motion probabilities throughout the wholeui model 0.893 0.441 2123 0356  1.483

s Sequence. For example, when no motion is taking place in

s the region initially containing the moving object, the weight

s Of the temporal stream starts to fall. These results suppoi@s saliency. 783
77 our main claim that the proposed gated fusion mechanism

s successfully adapts itself according to the content of the

TABLE IX: Ablation study on DIEM-Meta dataset.

. . . . X .
70 video, as opposed to having a xed fusion strategy as in th%"ﬂg Yetric AUC-J  CC" NSS' SIM*  KLDiv#t
. etho X

7 competing approaches. wio spatial attention 0806 0338 1372 0334 2155

m Effect of multi-level information. Previous studies demon- w/o channel-wise attention 0.823 0.387 1.527 0.330  1.489
ivho ; /o spatial & ch.-wise attention| 0.758  0.251 1.008 0.268 3.592

m  strate that IOW gnd high-level Cues are equally important foa/o multi-level information 0.809 0370 1428 0314 1567

72 saliency prediction [8], [9]. Motivated with these, we included o gated fusion 0.800 0359 1.373 0304  1.620

=4 a multi-level information block to fuse features extracted fromfull model 0.827 0380 1531 0345 1.511

75 different levels of our deep model. For this analysis, we disable ) _
7 this multi-level information block and train a single-scal&ffect of attention blocks. As discussed before, the reasons.

. model instead. Compared to our full model, disabling thie introduce the attention blocks are to eliminate the irrelevasmt

s block reduces the performance as can be seen in Table ViI-fRatures via the spatial attention and to choose the mast
7 Employing a representation that contains information from lojpformative feature channels via the channel-wise attentian
% and high levels helps to improve the performance of our mod#hen processing a video frame. In this experiment, we remowe
. We speculate that our multi-level information block allows thée spatial and the channel-wise attention blocks from our fu

% network to better identify the regions semantically importaffodel and train two different models, respectively. The results

given in Table VII support our assertion that both of thesa
3 , . . _ _ att(?ntion blocks improve the model performance. Disabling
Other fusion strategies such as average and max fusion were mvestlgjbe Its i h i f dqto
in [27] and shown to be less effective than convolution fusion. Hence, we di €m results In a much lower performance as compared-

not consider them in our ablation study. that of the full model. 794
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