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Abstract

Learning computational models for visual attention (saliency estimation) is an effort to inch ma-
chines/robots closer to human visual cognitive abilities. Data-driven efforts have dominated the land-
scape since the introduction of deep neural network architectures. In deep learning research, the choices
in architecture design are often empirical and frequently lead to more complex models than necessary.
The complexity, in turn, hinders the application requirements. In this work, we identify four key com-
ponents of saliency models, i.e., input features, multi-level integration, readout architecture, and loss
functions. We review the existing state of the art models on these four components and propose novel
and simpler alternatives. As a result, we propose two novel end-to-end architectures called SimpleNet
and MDNSal, which are neater, minimal, more interpretable and achieve state of the art performance
on public saliency benchmarks. SimpleNet is an optimized encoder-decoder architecture and brings
notable performance gains on the SALICON dataset (the largest saliency benchmark). MDNSal is a
parametric model that directly predicts parameters of a GMM distribution and is aimed to bring more
interpretability to the prediction maps. The proposed saliency models can be inferred at 25fps, making
them suitable for real-time applications. We also explore the possibility of improving saliency prediction
in videos by using the image saliency models and existing work.
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Chapter 1

Introduction

In this era of rapidly growing information on the internet, there are numerous images online. Accord-
ing to Mary Meeker’s annual Internet Trends report, people uploaded an average of 1.8 billion digital
images every single day 1. If we think of this as a huge dataset, we need to look for patterns or common
occurrences of tiny things in order to draw a line between the meaningful and non meaningful data.
Consider the examples of image classification, object detection and image style transfer which are done
by extracting the required features. Identifying the major patterns plays an important role in helping us
achieve the specific tasks.

Visual attention enables humans to quickly analyse complex scenes and devote the cognitive abil-
ities towards important regions. Simulating this behaviour with images/videos will decrease the com-
putational complexity for many problems in various fields such as computer vision, robotics, human
computer interaction etc. and this is modelled as saliency prediction. It consists of predicting human
eye fixations and interesting regions in an image. Saliency is represented as a heat map having higher
values at more significant regions. Figure 1.1 shows various applications like drone surveillance, indoor
navigation and social interactions

In this thesis we propose new models and provide extensive study on the choice of each component in
the model. We propose a) Encoder-decoder model which is simple and shows real-time inference, b) A
novel parameter based model which predicts parameters of GMM model instead of predicting saliency
map. Before going into the thesis let’s look at the what saliency is and the datasets used to train saliency
models and the metrics used to evaluate them. Section 1.1 and 1.2 focuses on datasets and metrics used
for saliency

Saliency prediction has RGB image as input and the predicted image is distribution map called pre-
dicted saliency map as shown in figure 1.2. There are two types of ground truths i.e ground truth

1https://www.theatlantic.com/technology/archive/2015/11/how-many-photographs-of-you-are-out-there-in-the-
world/413389/
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Figure 1.1 Example results of our approach on images from Salicon dataset. Saliency models can

play key role in application like (a) drone surveillance , (b) robotics cameras for sports , (c,d) indoor

navigation and (e,f) social interactions

.

saliency map and fixation map. Fixation map is a binary map with values either 0 or 1 having eye fix-
ations where as saliency map is a distribution based map to which the output has to match. In figure
1.2 (b) and (c) are ground truth saliency and fixation maps respectively and (d) is the predicted saliency
map using our model MDNSal.

Predicting the salient regions in a scene is a fundamental ability, which empowers primates to rapidly
analyze/interpret the complex surroundings by locating and devoting the focus only on sub-regions of
interest [26]. The work by [20] triggered early interest in the computational modeling of visual saliency
from images, i.e., identifying areas that are salient in a scene. Since then, a large variety of saliency
detection models have been proposed and find usages in a wide range of applications involving ma-
chine vision. Many recent works show that availability of saliency maps enhance cognitive abilities

2



Figure 1.2 a) RGB Image b) Ground truth saliency map c) Ground truth fixation map d) Predicted

saliency map using model MDNSal

of robots and helps improving performance in variety of tasks including human-robot interaction [50];
identification, and recognition of objects [47]; scene classification [4]; detecting and tracking regions of
interest [15]; proposal refinement [10] and visual search in unknown environments (allowing search of
regions with higher importance first) [43]. Our work is application agnostic and focuses on improving
the general saliency prediction and can cater to large variety of applications in robotic vision. Some
example results from our SimpleNet model are illustrated in Figure 1.1.

The last few years have seen tremendous advancements in the field, mainly due to the application of
Deep Neural Network architectures for the task and the availability of large scale datasets [23]. Let’s
look into datasets available for saliency prediction so far.

3



1.1 Datasets

There are three popular datasets available for image saliency prediction, SALICON, MIT and CAT.

1.1.1 SALICON

SALICON is the largest crowd-sourced image saliency dataset [23]. Images for this dataset have
been taken from Microsoft COCO dataset. It consists of 10,000 training, 5000 validation, and 5000 test
images. It was labeled based on mouse-tracking (shown to be equivalent to the eye-fixations recorded
with an eye-tracker). All images in this dataset has equal resolution of 640x480 but we resize these
images to 256x256 while training.

We use the SALICON dataset for training our models. The benchmark on SALICON test set is
known as LSUN saliency challenge 2. It offers seven evaluation scores and our experiments are based
on the newest release, SALICON 2017, from the LSUN challenge.

1.1.2 MIT300

MIT300 test dataset consists of 300 natural images with eye-tracking data of 39 observers. This
dataset is a collection of images from the Flickr Creative Commons and personal collections. The labels
of MIT300 are non-public.

We use MIT1000 [24] consisting of 1003 images to fine-tune the initial model trained on SALICON
dataset. We have done 10 fold cross-validation by splitting the images into 903 train, and 100 validation
and have chosen the best model for test submission. This dataset has images with various resolutions
such as 1024x768, 685x1024 etc and also synthetic images, thus becomes challenging for model to pre-
dict and becomes crucial in comparison of efficiency of model.

1.1.3 CAT2000

CAT2000 consists of 4000 images(2000 train and 2000 test) taken from 20 different categories like
Action, Art, Cartoon, Inverted, Sketch, Social etc., with eye-tracking data from 24 observers. Each cat-
egory contains 100 images each with 1920x1020 resolution. These images are collected from various
computer vision datasets and also by using search engines.

Similar to MIT1003, we split the images into 1800 train and 200 validation and perform fine-tuning
on our model. Both CAT and MIT test sets are evaluated at MIT saliency benchmark 3. Figure 1.3

2http://salicon.net/challenge-2017/
3http://saliency.mit.edu/
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shows one each from each of the above datasets.

Figure 1.3 RGB images and ground truth saliency maps from MIT, CAT and SALICON datasets re-

spectively.

The above MIT and LSUN benchmarks uses different evaluation metrics to compare submitted mod-
els. Let’s look into the metrics in this section.

Formally, computational saliency models predict the probability distribution of the location of the eye
fixations over the image, i.e., the saliency map. Where human observers look in images is often used
as a ground truth estimate of image saliency. The predictions are evaluated using a variety of metrics,
which are broadly classified as location-based or distribution-based [7]. The location-based metrics
measure the accuracy of saliency models at predicting discrete fixation locations. Distribution based
metrics compute the difference/similarity between predicted and ground truth distributions (assuming
that the ground truth fixation locations are sampled from an underlying probability distribution).

1.2 Metrics

There are various evaluation measures for saliency prediction that are broadly classified into two
types of metrics i.e distribution based and location based metrics. As the names suggest, distribution
takes ground truth saliency map and location takes fixation locations as ground truth. Kldiv, Similarity
and Correlation(CC) metrics are distribution based metrics where as NSS, AUC metrics are location
based metrics. A detailed analysis on how these metrics work as loss functions is shown in Chapter 3.
The P, Q terms used below represent predicted saliency map and ground truth respectively.

5



1.2.1 Distribution based metrics

In distribution based metrics ground truth is saliency map. Some of the distribution based metrics
are as follows

KLDiv - Kullback-Leibler(KL) measures the difference between two probability distributions. So,
it evaluates the loss of information between predicted saliency map and ground truth saliency map.

KLdiv(P;Q) =
X
i

Qi log(�+
Qi

Pi + �
) (1.1)

here P , Q are predicted and ground truth maps respectively and � is a regularization term.

CC - The Pearson’s Correlation Coefficient(CC) is a statistical method used generally in the sciences
for measuring how correlated or dependent two variables are. CC can be used to interpret predicted
saliency and ground truth saliency maps, P and Q, as random variables to measure the linear relation-
ship between them.

CC(P;Q) =
�(P;Q)

�(P )� �(Q)
(1.2)

SIM - The similarity metric, SIM(also referred to as histogram intersection), measures the similarity
between two distributions, viewed as histograms. SIM is computed as the sum of the minimum values
at each pixel, after normalizing the input maps. If P is the predicted saliency map and Q is ground truth
saliency map.

SIM(P;Q) = �imin(pi; qi) (1.3)

1.2.2 Location based metrics

In location based metrics ground truth is fixation map.

NSS - The NSS function was defined specifically for the evaluation of saliency models. NSS aims
to quantify the saliency map values at the fixated locations and to normalize it with the predicted map
variance.

6



NSS(P;Q) =
1

M
�i
pi � �(P )

�(P )
� qfixi (1.4)

where M is the total number of fixation points, P is normalised to have zero mean and unit standard
deviation.

AUC-JUDD - The Area Under the ROC Curve is one of the most widely used metric for evaluating
saliency maps. In particular, the AUC-JUDD version, for a given threshold, the true positive rate is
the ratio of true positives to the total number of fixations, where true positives are saliency map values
above threshold at fixated pixels. And the false positive rate is the ratio of false positives to the total
number of saliency map pixels at a given threshold, where false positives are saliency map values above
threshold at unfixated pixels.

sAUC - Psychological studies show that the gazes of observers are biased towards center when they
look at images [51, 53]. This is because photographers tend to place the object of interest at center of
the image. This is called center-bias and sAUC metric captures this if model is also biased to the center
of the image.

Most of the datasets tend to include a higher density of fixations around the center of the images.
So, if a model has a center bias to predict, it will be able to account for at least part of the fixations
on an image, independently of the image content. So, sAUC penalizes models that include this bias by
sampling negatives from fixation locations from other images, instead of uniformly at random.

1.3 Contribution of this thesis

Recent works have analyzed the saliency estimation models over different evaluation metrics to add
interpretability to saliency scores [7]. Interestingly, the interpretability of saliency model architectures
has not been systematically explored. To this end, we propose a componential analysis which can be
used to compare a model from another; reduce redundancies in the model without compromising the
performance and can help customizations based on application requirements.

We identify four key components in saliency models(figure 1.4). First is the input features i.e., to
directly send the image to the saliency models or employ transfer learning using pre-trained networks.
The second component is the multi-level integration. It is understood that multiscale features (at differ-
ent spatial and semantic hierarchy) capture a broad spectrum of stimuli, and the combination improves

7



model performance. This aspect concerns how the hierarchy is imbibed in the model. The third aspect
is the readout architecture, which concerns the form of output i.e., to directly predict a saliency map
or to predict parameters of an assumed underlying distribution. The fourth aspect is the loss function.
Different works use a different combination of loss functions; however, most of these choices are only
justified empirically. We explore ways to validate these combinations more formally. Overall, our work
makes the following contributions:

Figure 1.4 Models are analysed in four components a) Input features b) Multi-scale Integration c) Read-

out Architecture d) Loss Function

� We separate components of saliency models and discuss the progress on each of them in reference
to the literature. Such analysis can help better interpret the models i.e., assess component-wise
weaknesses, strengths, and novelty. The analysis allows to optimize saliency models by trying
alternates for a particular component while freezing the rest of them.

� We propose an encoder-decoder based saliency detection model called SimpleNet. The main nov-
elty of SimpleNet is a UNet like multi-level integration [46]. SimpleNet is fully convolutional; end
to end trainable; has lower complexity than counterparts and allows real-time inference. It gives
consistent performance over multiple metrics on SALICON and MIT benchmarks, outperform-
ing state of the art models over five different metrics (with significantly notable improvements on
KLdiv metric).

� We propose a parametric model called MDNSal, which predicts parameters of a GMM instead of a
pixel-level saliency map. The main novelty of MDNSal is in readout architecture with a modified
Negative Log Likelihood (NLL) loss formulation. It achieves near state of the art performance on
SALICON and MIT benchmarks.

8



1.4 Thesis Overview

The following chapters are organised as follows: Chapter 2 discusses the related work and recent
architectures of image saliency which are compared to our models. Chapter 3 explains our models
in detail by discussing the selection of components empirically and theoretically. Chapter 4 explores
datasets, related work and experiments of saliency on videos. Chapter 5 is the conclusion to thesis.

9



Chapter 2

Related Work

This chapter has two sections. First section discusses on the related work of saliency and the second
sections goes deep into the architectures of different models which we use to compare our models.

2.1 Key Components of Saliency Models

2.1.1 Input features

Early attempts relied on handcrafted low-level features for saliency prediction. Seminal work by
Itti [20] relied on color, intensity, and orientation maps (obtained using Gabor filter). Valenti [6] use
isophotes (lines connecting points of equal intensity), color gradients, and curvature features. Zhang [57]
computes saliency maps by analyzing the topological structure of Boolean maps generated through ran-
dom sampling. Bruce [5] use low-level local features (patch level) in combination with information-
theoretic ideas. Jude [24] included high-level information by using detectors for faces, people, cars, and
horizon. However, most of these methods remain elusive on generic high-level feature representation.

Recent works are dominated by deep learning architectures owing to their strong performance. Most
of this success can be attributed to Convolutional architectures [30, 29, 11, 21]. Some works have also
explored combining CNN with recurrent architectures [12]. The breakthrough happened via transfer
learning of high-level features trained for image classification [27, 48, 16, 58, 18]. The large scale
SALICON dataset [23] was pivotal in transfer learning process (allowing efficient fine-tuning). Initial
approaches relied on Alexnet or VGG features [30, 11, 35]. Other notable architectures like ResNet,
DenseNet and NasNet [12, 21] were then explored. Recent works also explore the combinations of
features from multiple pre-trained networks [21]. There is enough evidence to agree that using pre-
trained features brings significant gains on the task of saliency prediction. We analyze two important
design choices: (a) which pre-trained network to pick and (b) should pre-trained weights be frozen or
fine-tuned.

10



2.1.2 Multi-level integration

It is evident that deep learning models utilizing high-level features significantly outperform the older
counterparts, which rely on low-level handcrafted features. However, recent work [32] suggests that the
simple low-level model better explains a substantial proportion of fixations when compared to the state-
of-the-art model. They quantitatively show this by changing the input features to low-level intensity
contrast features (ICF) and keeping the rest of the architecture the same.

Deep networks have employed two main strategies to resolve this concern. The first is to send dif-
ferent image scales as input in parallel. SALICON [19] model uses two different image scales and the
idea was then extended to multiple scales [36, 33]. The multi scale spatial stimuli can be tackled by
this approach, but not necessarily the semantics. An alternate approach is to take features from different
stages of pre-trained CNN. Different levels of semantics (from low, mid, and high-level features) can
be thus directly incorporated into the model to resolve the concerns raised in [32]. The work by [30]
takes a weighted sum of features at different levels post resizing, where the weights are trained through
the network. ML-Net [11] resizes and concatenates features from different levels of VGG-16 model
and passes it through additional convolutions layers to predict the map. The work in [54] individually
predicts saliency maps for features from different stages of VGG-19 and then fuses them. In this work,
we propose a novel UNet [46] like architecture for incorporating multi-level features. The single-stream
network with skip connections speeds up training, and the structure allows for an organic hierarchi-
cal refinement from high to low-level features (symmetric expansion over high-level context to enable
precise localization).

2.1.3 Readout Architectures

The commonly used readout architecture consists of few convolutional layers post the encoder fol-
lowed by 1�1 convolutions to control the size of the output saliency map. It is also common to learn an
additional prior [30, 11, 32]. The prior is often aimed to compensate for the central fixation bias. Work
by [12] employs an LSTM based readout architecture and learns a set of 2D Gaussian priors parame-
terized by their mean and variance (instead of a single one). In this paper, we employ minimal readout
architecture with only convolutional layers. We show that combined with an UNet like multi-resolution
encoder; such architecture can outperform state of the art models which rely on priors, complex archi-
tectures [12] or multi-network feature combinations [21].

Interestingly, most of the state of the art models directly predict an image as output (the saliency
map). Parametric models for computing image saliency have not been explored. Although paramet-
ric models come with a bound on the complexity of the model (even if the amount of data is un-
bounded), they come with several advantages; especially, they are easier to understand and interpret
(Where saliency models should look next? [8]). Furthermore, they allow better integration with down-
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stream applications. The importance of predicting distributions has been nicely motivated in [31]. To
this end, we propose a novel readout architecture, which directly predicts parameters of a 2D GMM
(mean, variance, and mixture weights). The proposed readout architecture can be plugged at the end
of any given architecture to output a parametric distribution. We show that, although bounded, the
parametric models can achieve near state of the art performance.

2.1.4 Loss functions

Mean Squared Error (MSE) between predicted and ground truth has been employed as loss func-
tion [29]. ML-Net introduced a normalized version of MSE [11]. Most of the recent efforts directly use
one of commonly used evaluation metrics or a combination of them as a loss function. The most com-
monly used loss is computing KL-divergence (KLdiv) between the estimated and ground-truth saliency
maps [19]. Some papers use a variation of it like negative log likelihood [30] or cross entropy [54] in-
stead. Recent works use KLdiv in combination with other metrics like Pearson’s Correlation Coefficient
(CC), Normalized Scanpath Saliency(NSS), and Similarity. These combinations bring clear improve-
ment in performance [21, 12]. However, the combinations are often decided empirically. In this work,
we provide formal insights to choose a minimal and comprehensive loss function.

2.2 Related Architectures

In this section, we are going to analyse some architectures with which we compare our models.

2.2.1 SAM NETs

This paper [12] has Attentive ConvLstm model to predict saliency from images. The input image is
sent through VGG or Resnet and the output(let’s call it as X) will have 512 channels which is sent to
Conv LSTM with each LSTM having the previous timestamp output and X. If the output from LSTM is
Xt , then a set of 16 gaussian channels are appended to it which are called priors and these are learned
during training. These priors add center bias to the system which makes the model closer towards hu-
man vision as humans tend to see the center region most. They also used dilated convolutional networks
in VGG or ResNet.

The loss function used for this network is a linear combination of KLDiv, CC an NSS as shown
below.

L(P;Q;Qfix) = �L1(P;Qfix) + �L2(P;Q) + 
L3(P;Q) (2.1)

here L1, L2, L3 are NSS, CC and Kldiv respectively and �, �, 
 are scalars with values -1, -2 and
10 respectively. Qfix is the fixation map.
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Figure 2.1 SAM Net Architecture

2.2.2 GazeGAN

GazeGAN [9] trains model by data augmentation using multiple transformations like cropping, rotat-
ing etc. to the existing datasets by generating 1800 images using 18 transformations from 1000 images
of CAT2000(It makes a total of 1900 images for CAT2000) and 60,000 images using 10,000 SALICON
images(This makes a total of 70,000 images for SALICON).

MIT1003 is divided into 600 train, 100 validation, 303 test images and data augmentation has been
done and fine tuned with the parameters learned using SALICON dataset.

The proposed dataset of GazeGan consists of 19 transformation groups, Thus having 1140 training
samples, 190 validation samples and 570 test samples, fine tuned with parameters using SALICON
dataset.

Model - GazeGAN(in figure 2.2) uses Conditional GAN for training the network and some additional
ideas to improve the model and learn the salient regions. It uses Center-surrounded connection(CSC) to
highlight semantic information and suppress artifacts, Skip-Connections to use multiscale information
and Local-Global GANS to improve robustness in the model. It is using multiple discriminators at dif-
ferent scales. In this model two discriminators have been used, one for original size input images (GL)
and the other for images which are scaled down by 4 times to original size(Gg). In the end, the decision
of these two discriminators are considered for loss function.

Generator has modified U-Net with CSC included in it. U-Net is an encoder decoder network in a
symmetric fashion with skip-connections used for bio-medical image segmentation.
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Figure 2.2 GazeGAN Architecture

2.2.3 SALICON

The architecture(in figure 2.3) of this model is applied on two image scales and the output of these
are concatenated and passed to 1x1 convolution layer to get the map. Image is passed through image
classification models (VGG, ResNet, GoogleNet). Input Image is 600 x 800, output of fine will be 37 x
50 x C. C is 512 for VGG, 256 for AlexNet, 832 for GoogleNet. The Coarse output will be upsampled
and concatenated with the output of fine. Metrics are calculated both with and without fine tuning the 3
models.

Figure 2.3 SALICON Architecture
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2.2.4 EMLNET

EMLNET [21] in figure 2.4 is an encoder-decoder based approach consisting of deep models like
NasNet and DenseNet. Both the encoder and decoder are trained seperately to deal with the complexity
and space.

In the encoding stage, both the NasNet and DenseNet are separately optimized for saliency predic-
tion by replacing FC with conv layers. In order to relax the requirements on space, the output prediction
is compressed into one feature map by applying conv1. In the decoding stage, they train a decoder to
combine the learned features from the two CNN models that have been trained at the encoding stage.
Multi-Layer features are extracted from both the networks (4 layers from the DenseNet and 3 from Nas-
Net totaling 13,536 feature maps). These 7 maps are upsampled to the same size and are concatenated
which is then used in the prediction.

Figure 2.4 EMLNET Architecture
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