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Abstract

Light field saliency detection—important due to utility in many vision tasks—still lacks speed and can
improve in accuracy. Due to the formulation of the saliency detection problem in light fields as a segmentation
task or a memorizing task, existing approaches consume unnecessarily large amounts of computational
resources for training, and have longer execution times for testing. We solve this by aggressively reducing
the large light field images to a much smaller three-channel feature map appropriate for saliency detection
using an RGB image saliency detector with attention mechanisms. We achieve this by introducing a novel
convolutional neural network based features extraction and encoding module. Our saliency detector takes
0.4 s to process a light field of size 9 x 9 x 512 x 375 in a CPU and is significantly faster than state-of-
the-art light field saliency detectors, with better or comparable accuracy. Furthermore, model size of our
architecture is significantly lower compared to state-of-the-art light field saliency detectors. Our work shows
that extracting features from light fields through aggressive size reduction and the attention mechanism
results in a faster and accurate light field saliency detector leading to near real-time light field processing.
Keywords: Light fields, saliency detection, feature extractor, fast algorithms, convolutional neural

networks.

1. Introduction

Light fields capture both spatial and angular information of light emanating from a scene compared to
spatial-only information captured by images. The additional angular information available with light fields
paves the way for novel applications such as post-capture refocusing [I} 2 3] and depth-based filtering [4], 5] 6],
which are not possible with images. Furthermore, light fields support numerous computer vision tasks which
are traditionally based on images and videos [7}, 8, [, [T0} 1T}, 12| T3} 14 [15].

Saliency detection is a prerequisite for many computer vision tasks such as semantic segmentation, image
retrieval, and scene classification. Saliency detection using light fields provides better accuracy compared
to what is provided by RGB images, in particular, for challenging scenes having similar foreground and
background, and complex occlusions [16] [I7]. However, data available with light fields (i.e., pixels per light
field) are significantly higher than data available with a single RGB image, e.g., a light field having 9 x 9
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sub-aperture images contains 81 times more data (with the same resolution). Therefore, computational time
of light field saliency detection algorithms is substantially higher compared to that of RGB image saliency
detection algorithms [I7].

We can categorize existing light field saliency detectors in to three classes depending on the input: focal
stack and all-focus image, RGB-D images, and light fields. In the first class, a set of two-dimensional (2-D)
images focused at different depths, called a focal stack, and a sub-aperture image, called all-focus image, are
used as the input. Here, a focal stack is generated from a light field using a refocusing algorithm [I} 2], and
this step acts as a preprocessing step with additional computations. Furthermore, focal stack generation
requires human intervention because the number of 2-D images in a focal stack depends on a light field. The
second class employs RGB-D images consisting of an all-focus image and a depth map. In this case, the
depth map is generated using a depth estimation algorithm [18, [19] 20] and incur additional computations.
Similar to the generation of a focal stack, generation of a depth map is also a preprocessing step. Compared
to these two classes, the third class employs a light field as the input without any preprocessing steps. Recent
algorithms of these three categories predominately use convolutional neural networks (CNNs) to learn the
relationship between the image features and saliency of light fields. Even though the available light field
datasets are limited in size, we can freely augment focal stack and RGB-D data in the first two classes. On
the other hand, inability to freely augment light field images prevents training deep CNNs from scratch in
the third class. These constraints demand the use of pre-trained networks, of course, followed by fine tuning.

In this paper, we propose a novel feature extraction and encoding (FEE) module for fast light field
saliency detection by employing a 2-D RGB image saliency detection algorithm. Our FEE module takes
light field as the input (so, belongs to the third class), and provides an RGB encoded feature map. The
proposed FEE module comprises of a CNN with five convolutional layers. Here, we employ sub-aperture
images as our input in contrast to most of the previously proposed light field saliency detectors, where focal
stack is the input. This prevents the use of computationally-high recurrent neural network layers such as
long short-term memory (LSTM) and ConvLSTM [2I] and enables to employ computationally- and memory-
efficient convolutional layers. We employ the 2-D saliency detector proposed in [22] with our FEE module.
Furthermore, we employ the LYTRO ILLUM saliency detection dataset [23] and DUTLF-v2 dataset [24] for
the training and testing the performance of our light field saliency detector. Here we augment both light field
data sets without affecting angular features. Experimental results obtained with five-fold cross validation
confirms that our saliency detector provides a significant improvement in computational time with accuracy
comparable or better than state-of-the-art light field saliency detectors [23] 25]. Furthermore, model size of
our architecture is significantly lower compared to state-of-the-art light field saliency detectors leading to
a lower memory requirement. Such low complexity saliency detectors are required for applications such as
field robotics [0, 12, [15], where real-time operation on embedded systems are mostly required. In summary,

our contributions are:



e introducing a novel and computationally and memory-wise efficient method to detect salient objects

in light fields using the FEE module in combination with an RGB salient object detector.

e introducing a combination of techniques, such as random rotation by 90°, random changes of bright-
ness, saturation and contrast, and shuffling channels randomly, to augment light fields in lens array

format without affecting angular features.

The paper is organized as follows. In Section [2] we review different approaches employed and algorithms
proposed for saliency detection of RGB images and light fields. We present our light field saliency detector
in detail in Section [3] In Section [d we present experimental results to verify the accuracy and the speed of

the proposed light field saliency detector. Finally, in Section p| we present conclusion and future works.

2. Related Works

2.1. Saliency Detection on RGB images

Saliency detection is one of the oldest problems in computer vision research and there have been many
research done on various approaches for this task in the recent time. Earliest research [26] 27, 28] 29]
were mainly based on handcrafted features like boundaries or contrast of the images to detect the most
salient objects in the RGB images. [26] proposed a graph based manifold ranking algorithm for salience
detection based on background and foreground cues. [27] proposed an regional contrast based algorithm,
where global contrast and spatial weighted coherence scores are used simultaneously to accurately detect
the salient objects. [28] introduced a contrast based approach using high dimensional Gaussian filters to
unifying detect salience and complete contrast while [29] used background priors to detect the salient regions
on images. Even though these methods are less computationally expensive, they tends to fail in complex
backgrounds. Recently, [30] introduced an adaptive, weighted k-means-based superpixel segmentation with
self-adjustable distance measures for accurate superpixel segmentation for salient object detection in RGB
images.

With the popularity of deep learning in the last decade, many approaches based on deep learning has
been introduced for the RGB saliency detection using neural networks. There is rich body of work in
saliency detection in RGB images: pyramidal, feature based, recurrent network based, and attention based.
Most non-recurrent methods use VGG-16- or VGG-19-like feature extractors [31] pre-trained on ImageNet
dataset for feature extraction. Pyramidal saliency detectors [32], [33] 22] have the advantage of the ability
to use information from multiple layers. Some that build up on CNN feature computers defer the actual
saliency detection to latter layers or combine features from many layers [34], [35]. [36] introduced a gate-
based contextual feature extraction module for salient object detection in RGB images where learnable

gates act as a filter to extract relevant contextual information. Methods that employ recurrent networks



generally work well [37,[38] with the possible disadvantage of slowness. RGB saliency detectors greatly
bene t from attention models, by focusing on features that truly capture saliency without the interference

of unnecessary features.[[39] introduced multi-scale feature extraction based CNN combining an adjacent
layer attention block and a partial encoder{decoder block. This approach mitigates the issues in existing
CNN-based approaches like embedding of abstract information and loss of spatial information due to late
fusion of detailed features. Although these methods show success in RGB images, they are unsuitable
for direct use with light eld images because their architecture and input are not speci cally designed to
extract the geometry information of light elds embedded in angular dimensions. This information is vital

to improve the quality of predicted saliency maps. For a comprehensive review of saliency detection on RGB

images, the reader is referred to[40, 41, 42].

2.2. Saliency Detection on Light Fields

Light eld saliency detection [L6] improves the accuracy of saliency detection in challenging scenes having
similar foreground/background and complex occlusions. This improvement achieves in [16] by exploiting
the refocusing capability available with light elds which provides focusness, depths, and objectness cues.
[17] employs depth map, all focus image and focal stack available with a light eld for saliency detection.
[43] further exploits light eld ow elds over focal slices, and multi-view sub-aperture images improve
the accuracy in saliency detection by enhancing depth contrast. [44] employs a dictionary learning based
method to combine various light eld features for a universal saliency detection framework using sparse
coding. This method handles various types of input data by building saliency and non-saliency dictionaries
using focusness cues of focal stack as features for light elds. All these methods works on super-pixel level
features of light elds, and do not exploit high-level semantic information properly in order to have robust

performance in complex scenarios.

2.3. Light Field Saliency Detection with Deep Learning

Recent advances in light eld saliency detection successfully use deep neural networks. [21] introduced a
two-stream neural network architecture with two VGG-19 feature extractors and ConvLSTM-based attention
module to process the all-focus image and focal stack to generate saliency maps. The saliency detection
model in [45] use a deep neural network pipeline containing light eld synthesising network using center view
and a light eld driven saliency detection network to detect salient objects in single view images. Similarly,
[25] employed a multi-task collaborative network (MTCN) for light eld saliency detection with two streams
for central view image and multi-view images by exploring the spatial, depth and edge information in
di erent parts of their neural network with the help of a complicated loss function with di erent components
for di erent parts of the network. [23] introduced a \model angular changes block" to process light eld

images with a modi ed version of Deeplabs v-2 segmentation network (LFNet), which is a computationally
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heavy backbone, considering the similarity between the segmentation and saliency detection. On the other
hand, the suitability of a semantic segmentation network, not speci cally trained on light elds, may a ect
accuracy. [24] introduced, two-stream network containing teacher and student network to detect salient
objects, exploiting focal stack and all focus image in their respective streams of the network. Most of these
methods have the inherent disadvantage of slowness due to use of heavy segmentation networks, several
feature extractors, recurrent blocks and several streams. Furthermore, full light eld data are employed for

most of the parts and layers of the neural networks hindering the speed.

3. Proposed Light-Field Saliency Detection Architecture

Speeding-up light- eld saliency detection requires avoiding computationally heavy one or more backbones
and predominantly working in bulky light- eld features maps. On the other hand, inability to freely augment
light eld images prevent training deep light eld saliency detectors from scratch. These constraints demand
using a pre-trained network (of course, followed by ne tuning). There are well-known pre-trained networks
that detect saliency in 2-D RGB images [22, 46, 47]. In this paper we propose a FEE module that can be
integrated into 2-D saliency detectors without any architectural changes to thebase modelto extract and
encode the features in light elds. Figure 1 shows an overview of the architecture of our system. The input
to this neural network is a light eld of size S T U V inthe form of a micro-lens image array of of size
W H,whereW =S UandH =T V. Here, (S;T) denotes the spatial resolution and {J; V) denotes
the angular resolution of a light eld. Figure 2 shows a light eld with sub-aperture images and micro lens
array image. Then the extracted feature maps can be fed into the 2-D saliency detector to get the saliency

maps. This whole network can be trained end-to-end manner after the integration.

3.1. 2-D Saliency Detector

Task of saliency detection in regular images is similar to binary semantic segmentation, and for this
task requires both high level contextual information and low level spatial structural information. However,
all of the high-level and low-level features are not suitable for saliency detection, and some features might
even cause interference [22]. An attention mechanism can avoid such situations. The 2-D saliency detector
proposed in [22] is such a system which we select as the saliency detector. This work especially uses channel
wise attention module (CA) for high-level feature maps and spatial attention (SA) module for low-level
feature maps with edge preserving loss function to preserve the edges of a saliency map. Along with the
CA and SA modules, the pyramid feature network of the architecture leads to the state-of-the-art accuracy
for RGB image saliency detection. However, using a single sub-aperture image or the all-focus image of a
light eld to feed the input of a 2-D saliency detector is ine ective as angular information of the light eld

gets lost. We solve this problem by using a carefully designed novel light eld FEE module integrated in to
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Figure 1. System architecture: light eld FEE block receives the light elds and computes features. Spatial attention block
(SA) and channel-wise attention block (CA) receives low level (Conv 1-2 and Conv 2-2) and high level (Conv3-3, Conv 4-3 and
Conv 5-3) features, respectively. VGG-16, or a similar block, produces these feature maps. Note that light eld processing
happens only in the light eld FEE block. CA block gives attention to more informative kernel outputs. CPFE: context aware
pyramid feature extraction.

the input of the network. We do not describe the architecture of the 2-D saliency detector in detail, and we

refer the reader to [22] for more details.

3.2. Novel Feature Extraction and Encoding Module

The 2-D saliency detector accepts inputs with resolution of 256 256 3 and produces saliency maps
with resolution of 256 256 1. Starting from this, our FEE module must extract and encode the pixel-wise
angular information stored in a light eld and produce an RGB image. In order to do that, by arranging
a light eld as a 2-D image of sizeW H, we run anU V kernel with the stride of (U;V) to exploit
the angular information related to each pixel as mentioned in [23]. Here, we consider the modi ed light
elds in the LYTRO ILLUM [23], where ( U;V) =(9:;9) and (S;T) = (512, 375) leading toW = 4608 and
H = 3375, and DUTLF-v2 [24] ,where (U;V) = (9;9) and (S;T) = (512;400) leading to W = 4608 and
H = 3600. Because our light led saliency detector shown in Figure 1 processes light elds only in the FEE
module and prevents subsequent processing in the 2-D saliency detector, we can achieve signi cant saving of
computational time.

The FEE module as depicted in Figure 3 is the key component that leads to signi cant speed improve-
ments. The FEE module aggressively downsamples a light eld and encodes features suitable to be fed to
a regular CNN. The FEE module consists of ve convolutional layers. The rst convolutional layer consist
of 128 lters of size 9 9 and a (9 9) stride. This layer precedes two convolutional layers having 64 and
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