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LRNet: lightweight attention-
oriented residual fusion network
for light field salient object
detection

Shuai Ma, Xusheng Zhu"?, Long Xu, Li Zhou & Daixin Chen

Light field imaging contains abundant scene structure information, which can improve the accuracy of
salient object detection in challenging tasks and has received widespread attention. However, how to
apply the abundant information of light field imaging to salient object detection still faces enormous
challenges. In this paper, the lightweight attention and residual convLSTM network is proposed to
address this issue, which is mainly composed of the lightweight attention-based feature enhancement
module (LFM) and residual convLSTM-based feature integration module (RFM). The LFM can provide
an attention map for each focal slice through the attention mechanism to focus on the features related
to the object, thereby enhancing saliency features. The RFM leverages the residual mechanism and
convLSTM to fully utilize the spatial structural information of focal slices, thereby achieving high-
precision feature fusion. Experimental results on three publicly available light field datasets show that
the proposed method surpasses the existing 17 state-of-the-art methods and achieves the highest
score among five quantitative indicators.
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Light field! is a novel imaging form that can simultaneously record the direction and intensity information of all
rays, thereby collecting three-dimensional information of the scene. Meanwhile, some specific optical structures
are developed to capture the light field, such as gantry system, programmable aperture light field camera, camera
array system, and lenslet-based light field camera. The lenslet-based camera is formed by placing a microlens
array in front of the detector of the traditional camera, which is widely applied in particle image velocimetry
(PIV)?, temperature field measurement?, turbomachinery blades measurement?. The excellent application of light
field imaging in these fields is mainly attributed to the flourishing development of light field technologies such
as digital refocusing®, super-resolution®’, depth estimation®’, image rendering'®!!, and saliency detection'>'3.
Among these light field technologies mentioned above, light field saliency detection attempts to detect the most
attractive objects in the scene, which can greatly promote the application of light field imaging.

To achieve saliency detection, many methods based on RGB imaging'*-!® and RGB-D imaging were
proposed, as shown in Fig. 1(a,b). The methods based on RGB imaging mainly utilize the color and texture
information of the image as prior knowledge to obtain saliency results. However, Due to the lack of geometric
structure information in RGB images, the color and texture information often make it difficult to solve the
problem of object detection caused by weak textures, resulting in poor experimental results. The methods based
on RGB-D imaging obtain the geometric structure of the scene by introducing depth information, further
improving the accuracy of saliency detection in weak texture and occlusion areas. However, unreliable depth
maps will not provide valuable geometric spatial information and have a negative impact on the performance of
saliency detection.

Light field imaging can capture the three-dimensional geometric information of the scene through a single
exposure of the light field acquisition device. The geometric information of the scene can be encoded into the
focal slices by refocusing technology. Therefore, these focal slices focused at different depths are used for the
saliency detection to compensate for the faultiness of RGB-D imaging, as shown in Fig. 1(c). Li et al.?* first
proposed the saliency detection method based on light field imaging and demonstrated that the refocusing
ability of light field imaging can provide various valuable clues. This method integrates position cues, contrast
cues, and foreground cues to achieve saliency detection. Zhang et al.?® introduced the depth cue into the light
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Fig.1. Salient object detection methods involve different types of input data. (a) The input data of the methods
based on RGB imaging; (b) The input data of the methods based on RGB-D imaging; (c) The input data of
some methods based on light field imaging.

field saliency detection to improve the accuracy. This method computed the saliency contrast by the depth cue
and computed the background prior by the selected focal slice, further integrating the above information to
obtain the saliency object. However, these methods leveraged hand-crafted features instead of semantic features
to detect salient objects, resulting in low-precision salient object detection. Zhang et al.?* first utilized the deep
learning method to explore the salient object in light field focal slices and proposed a memory-oriented spatial
method to prevent the disruption of the spatial relationship among focal slices during the fusion process, further
achieving competitive saliency detection results. However, This method used channel-wise attention instead
of pixel-wise attention to emphasize valuable information among focal slices, which may make it difficult to
focus on the features related to salient objects and cut down the accuracy of saliency detection. Zhang et al.?®
introduced the idea of the residual connection to eliminate homogeneous features among focal slices and
preserve more pure saliency features. However, during removing homogeneous features, salient features may be
also eliminated due to not being treated differently from other useless features, leading to poor performance in
salient object detection.

To solve the above problem, this paper proposes a lightweight attention and residual ConvLSTM network
(LRNet) to achieve light field salient object detection, which can focus more on feature information related
to salient detection through lightweight attention-based feature enhancement module and eliminate features
unrelated to salient object in focal slices through residual ConvLSTM-based feature integration module,
further improving the performance of salient object detection. In summary, the contributions of this paper are
summarized as follows:

o We design a lightweight attention-based feature enhancement module (LFM) to enhance saliency features.
The module leverages the lightweight attention mechanism to pay more attention to the features related to the
saliency object in each focal slice, thereby assigning more weight information to saliency features.

o We propose a residual ConvLSTM-based feature integration module (REM) to remove useless features. The
module first utilizes the residual connections to eliminate redundant features between weighted focal slices,
and further extracts more pure saliency features. The salient features obtained from the focal slice are integrat-
ed by ConvLSTM to compute the saliency object results.

» We provide a comparative analysis between the proposed LRNet and 18 state-of-the-art methods on the three
benchmark datasets. The analysis results show that the proposed LRNet outperforms these state-of-the-art
methods in the five quantitative metrics.

Related work
In this section, the related works of the methods based on RGB imaging, RGB-D imaging and light field imaging
will be reviewed, respectively.

2D imaging saliency detection

The input data of the methods based on RGB imaging is a single image, which mainly relies on the contrast, color,
and edge information of the image to predict salient objects. Early methods?*?” mainly adopt hand-craft features
and strategies to predict the saliency object in images. The current methods mainly utilize deep learning to obtain
more robust semantic features, thereby ensuring detection accuracy. To fully utilize the contextual information
in 2D images, Chen et al.!® proposed the context-aware feature interweaved aggregation module and global
context flow module to integrate different level features and obtain the global context information, respectively.
Siris et al.?® presented a context-aware network composed of the context refinement module and contextual
instance transformer to achieve saliency detection. Zhu et al.?° developed a novel module to selectively utilize the
local saliency features and global saliency features, and constructed two successive chain modules to fusion the
saliency features from different dilated convolutional layers. Wei et al.® designed a comprehensive network that
combines the fusion, feedback and focus functions to address the issue of low-quality saliency detection caused
by differences in the receptive domains of different convolutional layers. Recently, some methods explored the
uncertain distribution in salient object detection. Tian et al.'* constructed a distributional uncertainty modeling
by long-tail learning, test-time strategies and single-model uncertainty modeling to detect salient objects.

RGB-D imaging saliency detection

Although significant progress has been made in saliency detection methods based on 2D imaging, the lack of
spatial information in 2D images limits the performance of such methods in some challenging scenes.. The
input data of the method based on RGB-D imaging includes an image and a depth map which can provide the
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geometric information to improve performance. Li et al.?! designed a hierarchical alternate interaction network
to detect salient objects in RGB-D imaging. The method mainly utilized the features from depth information
to enhance the features from RGB image in turn by the proposed hierarchical alternate interaction module. To
fully integrate feature information from RGB images and depth maps, Fu et al.>! proposed a joint learning and
densely-cooperative fusion network to execute RGB-D saliency detection, which can extract saliency features by
joint learning module and discover complementary features by densely-cooperative fusion. Liu et al.>? proposed
a mutual attention framework to address the cross-modal feature fusion problem, which leveraged the non-
local attention to propagate long-range contextual features and adopted selective attention to control the effect
of depth cues. In recent years, some weakly supervised methods have also been proposed to perform saliency
detection. Li et al.3? presented a scribble-based weakly supervised network for RGB-D saliency detection. The
method combined dynamic searching processing and dual-branch consistency learning to perceptively explore
saliency features in RGB-D imaging.

Light field saliency detection

Light field imaging can also provide abundant spatial information to improve the performance of network
models. The existing methods mainly use micro-lens images, sub-aperture array images, and focal slices as
inputs to obtain spatial information. Zhang et al.’* leveraged light field micro-lens image as the input data
and presented an end-to-end deep learning network. The methods designed a model angular changes block to
encode the geometric feature information of the micro-lens image as the input of the network, and provided a
publicly available light field salient object detection dataset. Zhang et al.** leveraged sub-aperture array images as
the input data and presented a multi-task network to explore the coherence among spatial, edge, and depth cues,
further achieving saliency detection. In recent years, focal slices have gradually become the mainstream input
type for network models to explore spatial information in light field imaging. Piao et al.’® developed a teacher
network and a student network to explore the saliency feature in the focal slices and all-focus RGB images,
respectively, and transferred the focusness information obtained by the teacher network to the student network.
Gao et al.¥” proposed a novel light field object detection benchmark, which included multiple formats of light
field input data and annotation to meet the requirements of different light field tasks.

Lightweight attention and residual ConvLSTM network

The overall framework diagram of the proposed network (LRNet) is shown in Fig. 2. The proposed LRNet utilizes
the VGG-19% as the backbone network to extract salient features of focal slices and the all-focus image. The last
three blocks of the VGG-19 network are connected as initial input features, which are fed into LFM and RFM to
fully capture and integrate salient features, thereby achieving high-precision salient object detection. The initial
input features from focal slices and the all-focus image can be denoted as { f;}}2,, where fi, - - -, fio € RE*W>H
represents the initial input features of focal slices, respectively. fi3 € ROXIxn represents the initial input
features of the all-focus image.

Each focal slice and the all-focus image can provide abundant object clues, texture clues, and depth cues to
increase the accuracy of salient object detection in weak texture and occlusion areas. However, focal slices are
obtained by refocusing techniques along the depth direction and contain a large amount of redundant and useless
feature information, making it different for the network model to distinguish useful salient features from these
features. Therefore, The key task of light field saliency detection is how to accurately distinguish saliency features
from massive focal slice features and effectively enhance them. In the next section, Section A will provide a
detailed introduction that the LFM utilizes the lightweight attention mechanism to enhance the saliency features
in each focal slice. Section B introduces that RFM will use the residual mechanism and ConvLSTM to integrate
the salient features enhanced by LFM, and then calculate the saliency object results. The implementation details,
parameters setting and loss function of the proposed network will be introduced in Section C.

Lightweight attention-based feature enhancement module

Focal slices and the all-focus image contain a total of thirteen feature maps, which provide a lot of useful
feature information for salient object detection. However, there is also a large amount of similar, redundant and
useless feature information in the feature maps among the focal slices. These features will hinder the network
from selecting feature information related to saliency objects, thereby reducing the accuracy of the saliency
detection. The common way to solve the above problem is to distinguish between features related to saliency
objects and features unrelated to saliency objects in focal slices and the all-focus image. Attention mechanisms,
such as the spatial attention mechanism?’, non-local network?® and broad attentive graph fusion network*!, are
widely regarded as prominent means of focusing more attention on the features related to the salient object. In
order to better focus on the saliency-related regions and measure the correlation for each pixel-pair of these
regions, these attention mechanism methods need to produce enormous attention feature maps, resulting in
high computational complexity and memory capacity. However, focal slices and the all-focus image have a large
number of feature maps, making it different for the above methods to provide an attention map for each feature
map under limited computing power and memory space. One approach to solving the above challenge is to offer
the same attention map for all feature maps. The feature maps from focal slices and the all-focus image have
significant differences and a single attention map is different for the network to focus on the saliency-related
features in each feature map. Therefore, it is necessary to offer an attention map for each feature map to enhance
salient features and remove irrelevant features.

The criss-cross attention mechanism*? is introduced to provide a lightweight attention map for each feature
map to enhance salient features, where sparse connections are only made to each position of the feature map
in the vertical and horizontal directions, with lower computational complexity and memory capacity. Hence,
a lightweight attention-based feature enhancement module (LFM) is presented, as shown in Fig. 3. There are
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Fig. 3. Schematic illustration of the proposed LFM. The LFM can enhance saliency features in each focal slice,
and distinguish saliency features from other massive features in focal slices.

similar saliency object features between adjacent focal feature maps, which can effectively assist the network
in focusing on the saliency-related features. Then, each feature map from focal slices is fused with the adjacent
feature map to obtain the attention map, further enhancing saliency features.

fi=w1 x D(f;, Fi_1) + by, (1)

where D denotes the concatenation operation, * represents the convolution operation, F;_; denotes the focal
feature enhanced by LFM, w; and b, are the weights and bias of three 3 x 3 convolutional layers, respectively.
Inspired by*’2, f; is utilized to generate the attention map. Firstly, two 1 x 1 convolutional layers are applied on
fi to obtain two feature maps V' € ROHXW and T ¢ RO<WxH , where (' is less than C. Then, the affinity
operation*? is applied on V and T to obtain an attention map A; € R("W*#-1*WxH The enhanced feature can
be collected by the attention map A; as follows.

H+W-1 ] _
El= Y APwr gy, )
j=0

where AJ7 denotes the value at position p and channel j in the attention map A;, f7 represents a feature vector
in the feature map f; at position p, T7? is obtained by the ' € RE*W>H Two 1 x 1 convolutional layers are
applied on f; to generate K. Hence, each feature map can generate the enhanced feature map (Fi,- - -, Fi3)
through the corresponding attention map (A, - - -, Aj3).

Residual convLSTM-based feature integration module

In LEM, the criss-cross attention mechanism is utilized to enhance the saliency features in focal slices and the
all-focus image, further improving the accuracy the salient object detection. These enhanced features in focal
slices and the all-focus image can be a more convenient way for the network to extract the features related to
saliency objects. Meanwhile, these enhanced features are also distributed in various focal slices and the all-focus
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Fig. 4. Schematic illustration of the proposed RFM. The RFM can fully integrate focal slice features, eliminate
redundant information.

Metric | w/o LFM | w/o RFM | LRNet
EgT | 0881 0.874 0.887

S,T | 0810 0.800 0.811
HFUT-LESD | wFj31 | 0.735 0.720 0.732
FzT | 0.769 0.744 0.759

MAE] | 0.054 0.059 0.053

EgT [0.8% 0.891 0.897
ST |0.849 0.847 0.852
LFSD wkpsT | 0828 0.820 0.829
Fgt |0858 0.846 0.854
MAE], |0.071 0.073 0.070

Table 1. Quantitative comparison of the proposed LRNet in ablation studies. Significant values are in bold.

image, and effective fusion of the features is crucial for obtaining the high-precision saliency object results. In
the process of features fusion, although the features related to saliency objects are further enhanced to suppress
the negative impact of other features on the salient object detection, those features unrelated to saliency objects
still provide a large amount of worthless information to the network, leading to under-performing saliency
detection results. In addition, these enhanced features originate from a series of refocused images, and contain
plenty of spatial structural information. The spatial structural information can offer depth clues and object
clues to improve the saliency object detection performance in weak texture and occlusion regions. However,
inappropriate feature fusion can damage the spatial structure of refocusing sequence features, resulting in the
inability to offer accurate depth clues.

Hence, a residual convLSTM-based feature integration module (RFM) is presented to fuse these enhanced
features, as shown in Fig. 4. Firstly, Residual learning*? is introduced to extract valuable saliency features, further
removing those useless features among focal slices.

Hi1 = o(wa x D(hi, Fiy1) + o) + Fipa, (3)

where o is the PReLU function*!, h; denotes the hidden state of ConvLSTM*’, w5 and b, are the weight and bias
of two 1 x 1 convolutional layers and one 3 x 3 convolutional layer, respectively. Meanwhile, the refocusing
features on the depth axis can be regarded as the moving features on the timeline. ConvLSTM is considered an
effective way to fuse these continuous variational features without compromising the spatial relationships among
these features. Then, the refined feature H; is input into ConvLSTM to compute the saliency map.

vy = (W x Hy + Wy % hi—1 + We, 0621+ by)
fi=0(Wysx Hi + Whg* hioy + Wepocioi + by)
¢; = B +v;otanh(Wye* H; + Wiye * hi—q + be) (4)
0; = 0(Wo * Hi + Who x hi—1 + Wy 0 ¢; + )
hi = o0; o tanh(c;),

where B = f; o¢;_1, d(+) is the sigmoid function, o is the Hadamard product. v;, f; and o; denote the input
gate, forget gate and output gate, respectively. ¢; represents the memory cell, which can save past information,
h; is the hidden state, which contains saliency object information and serves as the output of the network, W,
and b, are the parameters that need to be learned. The final salient object detection result S can be obtained by
applying a 1 x 1 convolutional layer and upsampling operation on the output of network h,3. The hidden state
h; is initialized to F}, i.e., hy = F. The memory cell ¢; is initialized to F, i.e., ¢; = Fb.
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Loss function

The proposed network is capable of predicting the saliency map, which is a binary image. Applying supervision
signals to the predicted saliency map can promote the rapid convergence of the network, thereby obtaining high-
precision salient object detection results. The loss between the predicted saliency map and the ground truth is
utilized as the supervision signal. The loss function adopts the cross-entropy, as follows:

L==Y[S(z)-logG(x) + (1 — S(x))-

(1 —1ogG(x))]

(5)

where S(x) denotes the saliency map, G(x) denotes the ground truth, x is the pixel index of the predicted saliency
map and the ground truth, # denotes the number of pixels.

Experiment

Three representative benchmark datasets for light field salient object detection are leveraged to train and test
the proposed LRNet, i.e., DUT-LFSD?*%, HFUT-LFSD*, and LFSD?*2. DUT-LFSD contains 1462 light field data
samples, of which 1000 samples are utilized for training, and 462 samples are used for testing. This dataset
involves a large number of outdoor and indoor scenes, which places high demands on the detection ability of
the network. HFUT-LFSD contains 255 light field data samples. This dataset involves plenty of weak texture and
small object scenes, making it the most challenging dataset. LFSD contains 100 light field data samples and is
also the first benchmark dataset for light field salient object detection, greatly promoting the development of
this field.

The proposed LRNet is implemented using the Pytorch deep learning framework and Python language, and
trained on a 1080Ti GPU, with a training time of approximately 2 days. The VGG-19 network is utilized to obtain
the initial features of focal slices and the all-focus image, thereby serving as the input of LRNet to compute the
saliency object. The stochastic gradient descent (SGD) optimizer is adopted to train the proposed LRNet. The
weight decay, momentum, and learning rate of the optimizer are 0.0005, 0.9, and le-10, respectively.

The proposed LRNet is trained through the training set of DUT-LFSD and 181 light field data samples of
HFUT-LESD, and is tested through the testing set of DUT-LFSD, the remaining 74 light field data samples
of HFUT-LFSD, and 100 light field data samples of LESD. The size of the input image in all three datasets is
256 x 256. Five commonly used quantitative indicators are leveraged to evaluate the salient object detection
results of the proposed LRNet and other methods, which are the enhanced-alignment measure (denoted as E'g
), the structure-measure (denoted as S, )*, the F-measure (denoted as F3)*, the weighted F-measure (denoted
as wF3)*°, and the mean absolute error (denoted as MAE).

Ablation studies

To verify the effectiveness of the two modules of the proposed LRNet, the ablation studies are conducted in
this section. Two methods (denoted as w/o LFM and w/o RFM) are structured by removing the two modules
of the proposed LRNet, respectively. The quantitative comparison results of these three methods are shown in
Table 1. Compared with the proposed network, the method w/o LEM which removes the LRM achieves lower
scores on most metrics. This directly demonstrates that removing the LEM can cut down the accuracy of salient
object detection, and the criss-cross attention mechanism can focus on the features related to saliency objects,
thereby improving the performance of salient object detection. Compared to the proposed LRNet, the method
w/o REM which removes the REM obtains the lower scores on all metrics, as shown in Table 1. This indicates
that the direct fusion of focal slice features will lose its spatial structure information and retain redundant feature
information, resulting in the network not being able to fully utilize the depth clues and object clues to improve
detection accuracy.

In addition, the visual comparison results of these three methods on three datasets are shown in Fig. 5.
Among them, the HFUT-LFSD and LFSD datasets contain a large number of challenging scenarios such as
small objects and complex backgrounds, as shown in rows 2, 3, and 4 of Fig. 5. The method w/o LFM was
difficult to detect small objects in the distance of the image, as shown in the second row of Fig. 5. This indicates
that removing LFM makes it difficult for the network model to focus on the subtle features in the focal slices,
resulting in the failure of small object detection. Meanwhile, the method w/o RFM was also difficult to correctly
detect objects in the complex background in the fourth row of Fig. 5, indicating that removing LFM makes
it difficult for the network model to select the correct object information from the complex background. The
method w/o RFM detected redundant object features as shown in the first and fourth rows of Fig. 5, and also lost
some object information as shown in the third row of Fig. 5, indicating that removing RFM makes it difficult for
the network model to correctly fuse focal features. On the contrary, the proposed LRNet can obtain the complete
salient object and rarely contain irrelevant object regions, as shown in the third column of Fig. 5.

Quantitative and visual comparison

To further demonstrate the effectiveness of the proposed LRNet, the quantitative and visual comparisons are
made between the salient object detection results obtained by the proposed LRNet and the results of 18 state-
of-the-art methods. Meanwhile, the input for the other 17 methods includes the light field data, RGB-D data,
and RGB data, respectively. The methods for inputting light field data include MEANet®!, ERNet*®, DLFS>,
LFS*22, and DILF*?. The methods for inputting RGB-D data include HAINet?!, JL-DCF?!, D*Net3, HDFNet>,
and S2MA. The methods for inputting RGB include F*Net®’, MINet®, GCPANet', EGNet*’, BASNet®®,
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Fig. 5. Visual comparison of the proposed LRNet in ablation studies.

DUT-LESD HFUT-LFSD LFSD
Methods Est ngT FgT MAE] | EsT UJF[}T FgT MAE] | EgT wFﬁT FﬁT MAE|
LRNet 0.951 |0.907 |0.924 | 0.034 |0.887 [0.732 |0.759 | 0.053 |0.897 | 0.829 |0.854 | 0.070
MEANet 0.962 | 0.905 0.936 | 0.031 | — - - - 0.893 | 0.803 0.849 | 0.077
ERNet 0.943 | 0.880 0.889 | 0.040 | — - - - 0.889 | 0.809 0.842 | 0.080
DLES 0.891 | 0.763 0.801 | 0.076 |0.802 | 0.585 0.617 | 0.080 |0.806 | 0.657 0.715 | 0.147
LFS* 0.728 | 0.288 0.484 | 0.240 |0.672 | 0.242 0.413 | 0.199 |0.771 | 0.479 0.740 | 0.208
DILF* 0.805 | 0.494 0.641 | 0.168 |0.726 | 0.411 0.511 | 0.137 | 0.810 | 0.604 0.728 | 0.168
HAINet 0.932 | 0.891 0.897 | 0.042 0.778 | 0.531 0.599 | 0.083 0.882 | 0.814 0.851 | 0.072
JL-DCF 0.926 | 0.858 0.881 | 0.047 |0.810 | 0.603 0.646 | 0.077 |0.882 | 0.822 0.854 | 0.078
DsNet 0.844 | 0.670 0.757 | 0.098 |0.754 | 0.569 0.595 | 0.086 |0.862 | 0.760 0.810 | 0.095
HDEFNet 0.910 | 0.808 0.871 | 0.061 0.750 | 0.598 0.610 | 0.094 |0.891 | 0.806 0.843 | 0.076
S2MA 0.920 | 0.853 0.874 | 0.048 |0.719 | 0.503 0.538 | 0.119 |0.873 | 0.772 0.820 | 0.094
F3Net 0912 | 0.846 |0.884 |0.054 |0.786 | 0.647 |0.688 |0.059 |0.818 |0.754 |0.801 | 0.104
MINet 0.897 | 0.817 0.861 | 0.061 0.786 | 0.620 0.642 | 0.073 0.821 | 0.751 0.799 | 0.094
GCPANet 0.901 | 0.833 0.868 | 0.062 0.795 | 0.644 0.674 | 0.079 |0.834 | 0.765 0.811 | 0.097
EGNet 0.914 | 0.829 0.870 | 0.053 0.801 | 0.602 0.651 | 0.067 |0.850 | 0.775 0.828 | 0.085
BASNet 0.927 | 0.872 0.879 | 0.042 |0.823 | 0.661 0.670 | 0.076 | 0.874 | 0.805 0.834 | 0.082
AADFNet 0.901 | 0.856 0.880 | 0.052 0.786 | 0.670 0.712 | 0.088 0.817 | 0.748 0.782 | 0.095
PoolNet 0.919 | 0.832 0.868 | 0.051 0.831 | 0.635 0.665 | 0.063 0.849 |0.763 0.826 | 0.092
PiCANet 0.899 | 0.766 0.825 | 0.073 0.748 | 0.541 0.585 | 0.092 |0.836 | 0.694 0.764 | 0.124

Table 2. Quantitative comparison of the proposed LRNet with other methods. The best result is highlighted in
bold, and the second best result is highlighted in italic.

AADFNet?, PoolNet*”, and PiCANet®. The experimental results of other 17 methods are collected through
literature®>®!. The methods LFS**? and DILF*?* are hand-designed feature methods rather than deep learning
methods.

The quantitative comparison of the proposed LRNet and other methods is shown in Table 2. The proposed
LRNet achieves the highest scores in most of four quantitative evaluation indicators on three datasets. This
strongly proves the effectiveness of the proposed LFM and RFM, which have strong saliency feature enhancement
and fusion capabilities and can cope with salient object detection in different complex scenes. In addition, the
experimental results of the methods based on light field imaging and RGB-D imaging are significantly better
than those based on RGB imaging, which directly proves that the spatial structural information can provide
additional clues for the network to improve the accuracy of the salient object detection results. Meanwhile, the
experimental results of deep learning methods based on light field imaging are also superior to those based on
RGB-D imaging, as shown in Table 2. The low-quality depth map of RGB-D imaging will directly reduce the
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Fig. 6. The precision-recall (PR) curves of the proposed LRNet and other 8 methods on three light field
datasets. (a) DUT-LFSD. (b) HFUT-LFSD. (¢) LFSD.

accuracy of salient object detection results, while the methods based on light field imaging are not affected by
the quality of the depth map.

The precision-recall (PR) curve is also regarded as a metric to further validate the superiority of the proposed
LRNet. The comparison results between the proposed LRNet and other methods are shown in Fig. 6, which
shows that the proposed LRNet outperforms other methods on the PR curves of three light field datasets.

The visual comparison of the proposed LRNet and other methods is shown in Fig. 7. The proposed LRNet
obtains complete and detail-rich saliency object maps in scenes with weak textures and complex backgrounds.
Meanwhile, these saliency object maps are highly similar to the ground truth, which once again verifies the
competitiveness of the proposed method. On the contrary, other methods achieve sub-optimal results in
challenging scenes. In rows 1, 3, 8, and 11 of Fig. 7, other methods detect a large number of areas that do not
belong to the saliency object, mainly due to the complex background of these scenes or the high similarity
between the object and the background. Furthermore, in rows 4 and 7 of Fig. 7, some methods also find it
different to detect the salient object due to the presence of weak texture areas. In rows 1 and 6 of Fig. 7, the
performance of methods based on light field imaging and RGB-D imaging significantly surpasses those based on
RGB imaging, thereby proving that the spatial structural information can assist the network in selected feature
information related to the salient object. In row 9 of Fig. 7, the proposed LRNet can detect the details of the
salient object, but other methods (ERNet*) based on light field imaging cannot detect the corresponding detail
information.

Computational cost and model size

The proposed LRNet is compared with other methods based on light field data in terms of computational cost
and model size, as shown in Table 3. The computational cost of all methods was tested on a GTX 1080Ti GPU
and the running efficiency was represented using FPS(frame per second). The proposed LRNet outperforms
MoLF?* and ERNet?®, but is inferior to PANet®2. The LRNet, MoLF?** and ERNet?° use the ConvLSTM* to fuse
focal features, resulting in higher computational cost. Therefore, efficient and high-precision focal feature fusion
methods are worth studying to improve the time performance of methods based on light field data.

Limitation of the method

Although the proposed LRNet achieved high scores in all three publicly available datasets, there are still some
failed cases, especially in weak texture and small target scenes, as shown in Fig. 8. In the case where the object
has weak texture and is similar in color to the background, the proposed LRNet is difficult to correctly select the
object from the background, resulting in the detection of redundant areas or the loss of object areas, as shown by
the red boxes in columns 1 and 2 of Fig. 8. Although focal slices can provide geometric information to constrain
some special scenes, both the target and background have weak textures and the same color, resulting in the
same texture in the focus slice at any depth. Similarly, the performance of the proposed LRNet in obtaining
object details is also unsatisfactory, as shown by the red boxes in columns 3 and 4 of Fig. 8. The main reason for
this is that the input data is resized as 256 x 256, resulting in the loss of image details.

Conclusions

In this paper, the lightweight attention and residual convLSTM network is presented to perform the light field
salient object detection, which mainly includes the lightweight attention-based feature enhancement module
(LFM) and residual convLSTM-based feature integration module (REM). Specifically, the LEM provides a
reliable attention map for each focal slice through the criss-cross attention mechanism to focus on the feature
information related to the salient object, thereby enhancing salient features. the RFM utilizes the residual
mechanism to remove redundant features from focal slices and extract valuable object feature information.
ConvLSTM is leveraged to fuse the refined focal slice features, further preventing the destruction of the spatial
structural information in focal slices to obtain high-quality salient object detection results. The experimental
results show that the proposed LRNet detects the salient object in different scenes and can also handle the
difficulty of salient object detection in weak texture and occlusion regions. The proposed LRNet is compared to
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Fig. 7. Visual comparison of the proposed LRNet with other methods.

Method | Resolution | FPS | model size
PANet 2 | 256X 256 |9 60

ERNet 3¢ | 256X 256 |5 88

MoLF 2 | 256X 256 |4 177

LRNet 256X 256 |7 71

Table 3. Computational cost and model size comparison of the proposed LRNet and other methods.

other 17 state-of-the-art methods on 5 quantitative indicators on 3 publicly available datasets, and the optimal
scores are obtained, further proving its superiority.
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