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Abstract—We consider the problem of high-dimensional light field reconstruction and develop a learning-based framework for spatial

and angular super-resolution.Many current approaches either require disparity clues or restore the spatial and angular details separately.

Suchmethods have difficulties with non-Lambertian surfaces or occlusions. In contrast, we formulate light field super-resolution (LFSR)

as tensor restoration and develop a learning framework based on a two-stage restoration with 4-dimensional (4D) convolution. This

allows our model to learn the features capturing the geometry information encoded inmultiple adjacent views. Such geometric features

vary near the occlusion regions and indicate the foreground object border. To train a feasible network, we propose a novel normalization

operation based on a group of views in the featuremaps, design a stage-wise loss function, and develop themulti-range training strategy

to further improve the performance. Evaluations are conducted on a number of light field datasets including real-world scenes, synthetic

data, andmicroscope light fields. The proposedmethod achieves superior performance and less execution time comparing with other

state-of-the-art schemes.

Index Terms—Light field super-resolution, 4-dimensional convolution, convolutional neural networks, deep learning

Ç

1 INTRODUCTION

LIGHT field(LF)cameracancapturethe3Dinformationabout
anobjectora scene.Comparedwith traditional 2Dimaging

systems, such cameras record the intensity of each direction of
light rayspassing through the lens [1], [2].Theadditional infor-
mation enables many applications in computer vision and
imaging,suchasrefocusing[3],viewsynthesis[4],[5]anddepth
estimation[6],[7],[8].

Commercial LF cameras make use of an array of micro-
lenses, placed between the main lens and the sensor, to record
the spatial and angular information in a single exposure [1].
There is a tradeoff in resolution, such that adense angular sam-
pling necessarily leads to a sparse spatial sampling, and vice
versa [1], [9].Over theyears,severalapproachestoachieve light
field super-resolution (LFSR) have been proposed. Many of
them,however,requiredepthestimationasafirststep;thatoften
relies on the Lambertian assumption and works poorly on
glossysurfacessuchasmetals,plastics,orceramics[3],[10],[11],
[12]. Occlusion also presents an additional challenge and can
easilyleadtoartifactsinthesuper-resolutionreconstruction.

Convolutional neural networks (CNNs) have recently been
used forLFSRby learningamappingdirectly fromlow-resolu-
tion (LR) images to high-resolution (HR) images [5], [13], [14].
Despite delivering results generally superior to depth-based

methods, several issues remain to be addressed. Chief among
them is that CNNs have not been fully exploited for LF due to
the complexity of the 4D data. Existing methods implement
CNNs on neighboring views [13] or epipolar plane images
(EPIs) [14], considering only 2D informationwhen training the
network. Therefore, the features reflecting the inherent struc-
tureofLFisnot fullyrepresentedandextracted. Inaddition, the
reconstructionprocess isappliedonindividualsub-apertureor
EPIimages,resultingininefficiencyofsuchalgorithms.

To address the problems, we explore solutions from the
higherorderandproposeadeephigh-dimensionaldenseresid-
ual network (HDDRNet) to extract the representative features
encoded with geometry information for LFSR. To alleviate the
training of high-dimensional network, we apply the batch nor-
malization [15] and improve thewhitenprocess by considering
the view correlations in feature space. Our network naturally
accommodates theLFdataandreconstruct theentire scenepro-
gressively. The model consists of a spatio-angular restoration
network, followed by a refinement of the details. The former
uses densely-connected high-dimensional residual blocks to
reconstruct the light distribution information, while the latter
generatesvisuallyrealisticspatialdetailswhilepreservingangu-
lar correlations. Insteadofusingthe ‘2 loss functiontosupervise
the entire network,we propose to train the latter stagewith the
aperture-wise perceptual loss function to improve the recon-
structionqualityofspatialdetails.Althoughbothstagescontain
multiplehigh-orderoperations,weareable to train thenetwork
inanend-to-endfashionwithoutstage-wiseoptimization.

The main contributions of this study are:

� High-order convolution.We incorporate high-order con-
volution within a deep learning architecture to super-
resolveLFs, achieving reconstructionatmultiple scales
in spatial or angular dimensions, or both. Such an
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approachallowsthemodeltolearnrepresentationswith
scenegeometryinformationbyfullyexploitingthehigh-
dimensionalLFdata,enhancingtheperformanceofsyn-
thesizingnovelviews.

� Geometric features.Wereveal that the high-order convo-
lutionpossess thepotential toextract featuresendowed
withgeometry information, namedgeometric features.
The geometric features vary near the occlusions and
thereforeindicatetheforegroundobjectborder.

� Progressive reconstruction. Our model reconstructs the
high-quality LF in one feedforward pass through
two sub-networks. The first is trained by optimizing
the angular loss based on mean square error (MSE),
which is crucial for learning the light distribution,
while the second is trained by minimizing the per-
ceptual loss [16]. This achieves a more realistic spa-
tial reconstruction while preserving the learned light
distribution properties from the previous network.

� Multi-range training. To train the network more effec-
tively, we further propose a strategy of learning that
exploits the spatial inter-scalecorrelationsandmultiple
angularbaseline range toachievehigher reconstruction
accuracy. Such a multi-range model is termed M-
HDDRNet.

2 RELATED WORK

Many LFSR approaches focus on enhancing either the spa-
tial or the angular resolution, and accordingly we review
them briefly in separate sections.

2.1 Spatial Super-Resolution

Spatial super-resolution generally makes use of sub-aperture
images, in a manner similar to single-image super-resolution.
However, with LF, the achievable resolution of a sub-aperture
imagecanbebeyondthelimitationofthelensletarraythatsplits
incoming light indifferentdirections.Asdiscussed in [17], [18],
the intensityvalues inneighboringviewsarepropagated to the
targetviewwithnon-integershiftsbetweentwocorresponding
pixels. This becomes apparentwhen consideringEPIs; as such,
several methods are designed to analyze the scene geometry
first,andcomputepixelintensitybasedontheestimateddispar-
ityinformation.

In [11],BishopandFavaroproposeaBayesian framework to
restore more information from the geometric structure of the
scene by analyzing the correlations between adjacent views.
Lim et al. [19] show that the angular data provide the subpixel
shift information used by many SR algorithms. Wanner and
Goldluecke [12] optimize a variational framework to enhance
the resolution of novel views in a scene.Meanwhile,Mitra and
Veeraraghavan [3] propose a patch-based model based on
Gaussianmixture and reconstruct the patches according to the
subpixel shift. These disparity-based methods however are
problematic for occlusion regions and non-Lambertian surfa-
ces,where theestimationalgorithmscanfaileasilyandresult in
artifactssuchastearingandghosting.

Taking advantages of CNNs, some recent learning-based
methodsaimtobe free fromthedisparityestimationstep.Yoon
etal. [13] areamong thefirst toapplyCNN-basedmodel toper-
formLFSR.However, theirmodel treatsthespatialandangular
information separately, underusing the potential of the entire

angular information. Considering the angular correlation,
Wangetal.[20]adoptabidirectionalrecurrentCNNframework
onhorizontal or vertical sub-aperture images tomodel the spa-
tial correlation iteratively. Meanwhile, Farrugia and Guille-
mot [21]applyadeepCNNonthealignedsub-aperture images
torestoretheentirelightfield.Byconsideringlightfieldasimage
sequences, these attempts to some extent exploit the subpixel
shift among adjacent views. However, the light field imaging
systems sample the light distribution on every spatial pixel
from a 2D angular space. Such relationship is not fully repre-
sentedintheimagesequences, thuslimitingtheperformanceof
thesemethods.

2.2 Angular Super-Resolution

Angular LFSR, also commonly called view synthesis, is based
on two different approaches. The first employs depth estima-
tionalgorithms [22], [23], [24] toacquire anaccuratedepthmap
and thenwarps the existing images to the novel views [5], [12],
[25]. For example, an automatic depth layer-based method is
introduced in [26] togenerate anarbitraryviewwithaprobabi-
listic interpolation approach, and depth information is calcu-
lated on a small set of sub-aperture images. Zhang et al. [27]
reconstruct theLFfromamicro-baselinestereopair.Theyintro-
duceaphase-basedsynthesisstrategytointegratedisparityinto
thephase termwhenwarping the inputviewtoanyclosenovel
view, and a subsequent work further develops a patch-based
synthesis method [28]. However, the quality of depth estima-
tion depends on the scene content, and as such, thesemethods
oftenintroducevisualartifactsinthesynthesizedviews.

The second set of approaches formulate the view synthe-
sis as sampling and consecutive reconstruction of the ple-
noptic function [29], where every pixel of the given views is
considered a sample of a multidimensional LF function.
Levin and Durand [30] propose a linear algorithm using a
dimensionality gap prior to render a LF from a 3D focal
stack sequence without depth estimation. Vagharshakyan
et al. [31] consider the view synthesis as an inpainting task
on EPI, and use the sparse representation of LF in shearlet
transform to enhance the angular resolution.

Nevertheless,bothsetofapproachesabovearevulnerableto
scenes with non-Lambertian surface, leading to researchers
developing learning-based algorithms in recent years. Flynn
etal. [32] synthesizenovelviewsbasedonasequenceof images
with wide baselines. Kalantari et al. [5] use two sequential
CNNs tomodel depth and estimate color simultaneously. The
disparity informationandinputviewsare thenwarpedintothe
novel view. However, such depth-dependent method easily
results in ghosting artifacts in the occluded regions. Gul and
Gunturk [33]proposeanalgorithmforLFSRusing twosequen-
tial CNNs. By combining the CNN models with different
functions, their approach achieves both spatial and angular
enhancement. Yet, with such pixel-level reconstruction strat-
egy, the results easily suffer from jagging and lattice artifacts
neartheedges.Wuetal. [14]exploitthecleartexturestructureof
theEPIandadoptaCNNtorestoretheEPIangularinformation.
Bymaking full use of EPI properties, the restorednovel view is
more pleasant compared with previous attempts. However,
their network reconstructs a LF by restoring every EPI, which
severely restricts the efficiency of the algorithm. Other than
these EPI-wise [14], pixel-wise [33] or aperture-wise [5], [34]
reconstruction schemes, we propose a novel schemes with
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throughput of the entire LF, and therefore improve the effi-
ciencyofthepracticalreconstruction.

3 PROBLEM ANALYSIS AND FORMULATION

3.1 Light Field Representation

We consider the simplified representation of light field [29] or
lumigraph[35],describingthepropagationoflightraysbya4D
functionLðx; y; s; tÞ. In this representation, a light field is a col-
lection of images captured by several cameras with the view
points parallel to a common image plane, as shown in Fig. 1.
The focal plane contains the view points which are indexed
by the coordinates ðs; tÞ, and the imageplane isparameterized
by the coordinates ðx; yÞ. A 4D light field is thus a mapping
ðx; y; s; tÞ ! Lðx; y; s; tÞ; L : V�P! R: The mapping can
beregardedasanassignmentofanintensityvaluetoeachradi-
anceofrayspassingthroughthetwoplanes.

3.2 Problem Formulation

We treat LFSR as a high-dimensional tensor restoration. Con-
sideragivenLRlightfieldILR 2 RX�Y�S�T ,whichisequivalent
to downsampling an HR light field IHR 2 RrsX�rsY�raS�raT by
two factors rs and ra, where X and Y denote the embedded
spaces defined by spatial coordinates and S and T denote the
angular embedded spaces. We use rs and ra to describe the
respective scaling factors.The learning-basedsuper-resolution
canbedescribedas

ISR x; y; s; tð Þ ¼ g ILR x; y; s; tð Þ;Q� �
; (1)

whereQ ¼ uð0Þ; uð1Þ; . . . ; uðK�1Þ
� �

represents the parameters of
the networks, and gð�Þ describes the learnedmapping fromLR
toHR lightfields.Thedeep learningmodel learns themapping
hierarchicallythroughastackoflayers.Eachlayerisparameter-

ized by a collection of weights and biases uðkÞ ¼ fW ðkÞ; bðkÞg,
followed by a nonlinear activation function dðkÞ, where k 2
0;K � 1½ �. Thus, the mapping from layer k� 1 to k can be

expressedas

gðkÞ ILR; uðkÞ
� �

¼ dðkÞ W ðkÞ � gðk�1Þ ILR; uðk�1Þ
� �

þ bðkÞ
� �

;

(2)
for k � 1.

Moreover, the function gð�Þ can be considered as the compo-
sition of multiple mappings, i.e., g ¼ gðK�1Þ 	 gðK�2Þ 	 � � � 	 gð0Þ,
where the symbol 	 represents function composition. The orig-
inal mapping is set to be identical, such that gð0ÞðILR;
uð0ÞÞ ¼ ILR. All of the model parameters are optimized to
reduce the loss Lð�Þ, which measures the difference between

ISR and IHR. Thus, the light field SR problem can be formu-
lated as

Q� ¼ argmin
Q

L IHR; g ILR;Q
� �� �

: (3)

Our proposed network directly learns the mapping gð�Þ
between LR light field inputs and HR labels, and reconstruct
the entire light field in a single feedforward propagation.

3.3 4D Convolutional Neural Networks

Ordinarily for images, convolutions are applied on the 2D fea-
ture maps, However, for light field, it is more desirable to cap-
ture the spatio-angular information encoded in multiple
adjacent views. Nevertheless, due to limitations in the tradi-
tional CNNs designed for 2D images, most existing learning-
based methods apply them only on adjacent sub-aperture
images [5], [13] to learn the relationships along angular coordi-
nates, or on EPI images [36] to model scene geometry along
one angular and one spatial coordinates. These approaches
tend to underuse the potential of light field, leading to artifacts
in the regionwith complex light distribution, such as occluded
regions or non-Lambertian surfaces. By convolving a 4D ker-
nel with a tensor formed by cascading multiple neighboring
views together in the angular dimensions, the feature maps
are connected to adjacent views from the previous layer, thus
capturing the spatio-angular information.

We consider the input LR sub-aperture image set as fILRs;t g,
where s ¼ 1; 2; . . . ; S and t ¼ 1; 2; . . . ; T . We use subscript to
denote the position of each input sub-aperture image (or fea-
ture cube), which is shown in Fig. 2a. Moreover, we infer the
hidden layers HðkÞ, where k ¼ 0; 1; . . . ;K � 1, according to
Eq. (2), and therefore

HðkÞ ¼ d WðkÞ �Hðk�1Þ þ BðkÞ
� �

: (4)

WðkÞ and BðkÞ represent the filters and bias of 4D feedforward
convolution, respectively. Both have size s1 � s2 � a1� a2� n,
where n is the number of filters, s1 � s2 is the spatial filter
size, and a1 � a2 is the angular filter size. To avoid the dying
neuron problem in rectified linear units, we apply the leaky
rectified linear units (LeakyReLU) proposed by Maas
et al. [37] as the activation function in each layer, i.e.,

Fig. 1. Two-plane parameterization of light field imaging.

Fig. 2. The details of 4D feedforward convolutions on both spatial and
angular dimensions.
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dðkÞðxÞ ¼ dðxÞ ¼ x if x � 0
ax if x < 0

�
: (5)

In all experiments, we set a ¼ 0:2. The notation � in Eq. (4) is
implemented using cross-correlation combining the input
feature map with the filter, i.e.,

h
ðkÞ
j ðx; y; s; tÞ ¼

Xc�1
i¼0

Xs1�1
m¼0

Xs2�1
n¼0

Xa1�1
u¼0

Xa2�1
v¼0

w
ðkÞ
i;j ðm;n; u; vÞ�

h
ðk�1Þ
i ðxþm; yþ n; sþ u; tþ vÞ;

(6)

where h
ðkÞ
j ðx; y; s; tÞ is the value at position ðx; y; s; tÞ on the

jth feature map h
ðkÞ
j in HðkÞ, and w

ðkÞ
i;j ðm;n; u; vÞ is the value

at position ðm;n; u; vÞ in the filter connected between the ith

stacked input channel and the jth feature map.

3.4 Geometric Features

The major benefit of using 4D convolution for light field
processing is that it is able to extract the spatial features that
preserve geometrical properties. Such feature maps not only
contain spatial structures (e.g., textures and edges at differ-
ent directions) but record the relationship of adjacent views
as well. Fig. 3 exhibits an example of the feature maps
learned by a single 4D convolutional layer in the network. To
demonstrate these high-dimensional features, we present
the 2D slices through the 4D features and arrange them in an
equally spaced rectangular grid in Fig. 3a. Meanwhile,
Fig. 3b shows a certain single view and the horizontal and
vertical “feature EPIs” acquired by gathering the feature
samples with a fixed spatial coordinate and an angular coor-
dinate. The feature EPIs are very similar to the light field
EPIs, reflecting that the features learned by the 4D convolu-
tion layer have high coherence. In addition, the geometry
properties are also reflected in the spatial dimensions. The
learned spatial features are sensitive to the regions with
occlusions, such as the foreground object border. In Figs. 3d,
3e and 3f, we visualize and compare two types of spatial fea-
tures extracted from different 4D convolutional layers,
namely the object border and texture features. The object bor-
der features are always with occlusions and displayed in the
red boxes, while the texture features are presented in blue
boxes. As is shown in the figures, the edges of object border
features are smoother compared with the corresponding
ones of reconstruction results in Fig. 3c. By contrast, how-
ever, the edges of texture features remain clear.

Such smoothing effects near object border is related to
the scene geometry, other than a random occurrence. To
demonstrate typical variances, we analyze the light ray
transmission in the LF imaging system. Fig. 4 exhibits an
example configuration for two objects placed at different
distances from the camera and the corresponding EPI pat-
tern. The near object (denoted as “occluder”) whose dis-
tance is z2 partially occludes the further object in red
(denoted as “background”) with the distance z1. We denote
the positive direction of s as the left views in a LF. The line
A0A00 on EPI is projected from A of the background, where
point A0 corresponds to the leftmost view and A00 corre-
sponds to the rightmost view (the same for points B, O, and

Fig. 3. Visualization of the geometric features extracted from the pro-
posed 4D framework. (a) The collection of 2D slices through the learned
feature maps. (b) A certain 2D slice of the 4D geometric feature map
shown in (a), and the EPIs located at corresponding lines. (c) The spatial
reconstruction results. (d)–(f) Geometric features extracted from differ-
ent 4D convolutional layer.

Fig. 4. Illustration of partially occluded region in EPI pattern. The positive
direction of s denotes the left views.
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C). The shaded region BC of the background is partially
occluded by the occluder at z2 with no occlusion from the
leftmost view and completely occluded from the rightmost
view, and the corresponding region B0O0O00 on the EPI is
defined as partially occluded region (POR). As a result, in
the POR, the pixels belong to occluder shifts more distance
than the background pixels among different views (in both
input and feature space). Considering the 4D convolutional
layer is approximately linear (the LeakyReLU is piecewise
linear), the features of each layer are actually calculated
as a weighted combination of multiple views directly or
indirectly from inputs. The features near object border is
therefore smooth.

3.5 Aperture Group Batch Normalization

To ease the training of 4D framework, we follow the
work [15] and apply the normalization to the outputs of
every 4D convolutional layer. However, as is illustrated in
Section 3.4, considering such geometric features preserve the
high coherence among adjacent views, the whiten process
should not be applied on every view of the feature maps.
Therefore, we implement the normalization transform over a
group of sub-aperture images in each channel of the feature
maps, and named the proposed operation as aperture group
batch normalization.

Following the description is Section 3.3, we consider the
output of a particular hidden layer H (omit the superscript k
for brevity). We only count on the angular dimension and use
a new symbol to denote the learned features in an aperture-
wise manner as H ¼ fHp

i ðs; tÞg, where s ¼ 1; 2; . . . ; S and
t ¼ 1; 2; . . . ; T are two indices of angular dimensions, and p
denotes the number of feature channels, and for each sub-
aperture feature map contains m values (i ¼ 1; 2; . . . ;m).
Then, the algorithm can be described as

Algorithm 1. Aperture Group Batch Normalization

Input : The features of a particular hidden layer: fHpðs; tÞg;
Parameters to be learned g, b

Output : The normalized features: Ĥpðs; tÞ
1 Initialize the � ¼ 0:001;
2 for p ¼ 1; . . . ; N do
3 mp  1

m

Pm
i¼1ð 1ST

PS
s¼1
PT

t¼1Hp
i ðs; tÞÞ ¼

4 1
mST

Pm
i¼1
PS

s¼1
PT

t¼1Hp
i ðs; tÞ;

5 sp  1
mST

Pm
i¼1
PS

s¼1
PT

t¼1ðHp
i ðs; tÞ � mpÞ2;

6 Ĥpðs; tÞ  g � Hpðs;tÞ�mpffiffiffiffiffiffiffiffi
s2pþ�

p þ b

7 end

4 METHOD

4.1 High-Dimensional Dense Residual CNNs

Our model is designed on the basis of the 4D convolutional
layer. The network takes an LR light field as input (rather than
its upscaled version) and recovers the spatial and angular
information progressively. There are two subnetworks, which
reconstruct the entire light field in two different stages: (1)
spatio-angular restoration, and (2) details refinement.

4.1.1 Spatio-Angular Restoration

As illustrated in Fig. 5, the spatio-angular restoration stage
is set up to take down-sampled light field patches as inputs
and predict the missing information. At this stage, the high-
dimensional subnetwork is trained to learn the light distri-
bution, which can assist in further super-resolving the light
field. To achieve this, the network learning proceeds by
minimizing the angular loss between the predicted HR light
field and the ground truth using mean square error (MSE).

Fig. 5. The overview of the proposed model. Our model consists of a residual network for restoring the local spatio-angular information of light field
and a refinement network for reconstructing the spatial details of scenes. Blue arrows indicate high-dimensional convolution operation, while yellow
arrow stands for activation operation. Green arrows indicate addition and red arrow denotes upsampling.
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For upsampling, we extend the sub-pixel convolution
operation proposed in [38] by combining itwith angular inter-
polation to upscale an input LR feature tensor in all dimen-
sions. A graphical illustration of the upsampling operation is
presented in Fig. 6. As an example, assuming a single channel,
and the LR feature map has dimensions H �W � S � T ,
where H ¼W ¼ 4 and S ¼ T ¼ 3. Let the spatial upscaling
factor rs and the angular upscaling factor ra both be 2. The first
step involves expanding the channel by a factor of r2s . In the
second step, given the high coherence of the spatio-angular
features, we use linear interpolation on the angular dimen-
sions of the feature maps to upsample the resolution of the
angular dimensions by a factor of ra each (strictly, from 3� 3
to 5� 5). Third, the channel-to-space transpose layer is placed
on top of the feature maps to upscale both spatial dimensions
by a factor of rs each.

4.1.2 Details Refinement

The spatio-angular restoration network is trained in a super-
vised manner, using a mean-squared reconstruction loss to
measure the difference between the output and the ground
truth. While such per-pixel loss function contributes to the
network learning of the angular coherence, it can also lead to
difficulty in restoring the high-frequency texture. To mitigate
this problem, the details refinement network, designed for
recovering the spatial high-frequency details, is trained by
optimizing the sub-aperture perceptual loss. As will be dem-
onstrated later in our experiments, such loss based on differ-
ences between high-level features is effective to drive the
high-dimensional network to recover spatial details with sub-
pixel accuracy.

4.2 Loss Function

Most learning-based methods for light field reconstruction
use the mean squared error (MSE) between the recovered
EPI image [36] or sub-aperture image [13], [20], [21] and the
ground truth. However, typical loss function encourages
the model to find pixel-wise averages of plausible solutions
that are often too smooth [39], [40], resulting in edge arti-
facts such as blurring and ghosting in the region containing
complex occlusions or textures. To reconstruct realistic spa-
tial texture details while preserving the geometric proper-
ties, we design a novel loss function that evaluates the
results concerning the entire light field characteristics. The
loss function used for training our proposed network is for-
mulated as the weighted sum of an angular loss ‘A and a
spatial perceptual loss ‘S , i.e.,

‘SA ¼ a � ‘S þ b � ‘A; (7)

where scalars a and b denote the weights of each loss.
Spatial lossmeasures the quality of reconstructed light field

in terms of spatial coordinates. Inspired by [39] and [16], we
extend the perceptual loss to describe aperture-wise differen-
ces between high-level feature representations. Such loss
obtained from pre-trained 19 layer VGGnetwork [41] encour-
ages the network to restore the spatial information with
better high-frequency details. In our experiments, the spatial
loss is obtained by calculating the average value of content
loss through all the sub-aperture images which can be
formulated as

‘S ¼ 1

ST

XS
s¼1

XT
t¼1

fðIHRs;t Þ � fðgðILRs;t ;QÞÞ
� �2

; (8)

where fð�Þ indicates the summation of all the feature maps
after every activation function of VGG network. We use
ILRs;t ¼ ILRð�; �; s; tÞ and IHRs;t ¼ IHRð�; �; s; tÞ to represent the LR
input and label sub-aperture image with angular coordi-
nates ðs; tÞ, respectively. The function gð�Þ is the mapping as
indicated in Section 3.2.

Angular loss is defined on the basis of MSE between the
reconstructed light field and the ground truth. This item is
straightforward but critical for learning the light field struc-
ture properties. Unlike single image super-resolution, for
LFSR the MSE loss not only describes the pixel-wise differ-
ences but also ensures that the results preserve the relation-
ship of adjacent viewpoints. Such property can be reflected
by rearranging the order of summation

‘A ¼
XX
x¼1

XY
y¼1

XS
s¼1

XT
t¼1

IHRðx; y; s; tÞ � ISRðx; y; s; tÞ� �2

¼
XY
y¼1

XT
t¼1

XX
x¼1

XS
s¼1

IHRðx; y; s; tÞ � ISRðx; y; s; tÞ� �2 !

¼
XY
y¼1

XT
t¼1

EHRðy; tÞ �ESRðy; tÞ� �2
;

(9)

where EHRðy; tÞ and ESRðy; tÞ represent the original and
super-resolved EPIs acquired by gathering the light field
samples in terms of a spatial coordinate x and an angular
coordinate s, respectively.

Fig. 6. Upscaling operation used for resolution enhancement. For clarity,
in this example, we only consider a single feature tensor (batch size is 1)
with a single channel C ¼ 1. Given the LR input feature tensor with
dimension C �H �W � S � T (¼ 1� 4� 4� 3� 3), we first add 2
zero-padding frames, and then apply the 4D convolution on the feature
tensor. We use four 4D convolution kernels to generate the LR feature
map with 4 channels (denoted by 4 main colors in step 
2 ). Subse-
quently, interpolation is first performed on (S � T ) angular dimensions of
LR feature map. For spatial resolution, we applied the shuffle operation
which enhances the (H � T ) spatial resolution of feature map and
reduces the channel resolution. Therefore, at the end we have a super-
resolved feature tensor of size 1� 8� 8� 5� 5.
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4.2.1 Network Settings

In the proposed HDDRNet, all 4D convolution layers have
64 filters with a spatial dimension of 3� 3 and an angular
dimension of 5� 5. The convolution filters are initialized
using the method of Glorot and Bengio [42]. Furthermore,
we use the residual blocks layout proposed by Gross and
Wilber [43]. Each block consists of two 4D convolutional
layers followed by batch normalization and the LeakyR-
eLU [37] with a slope a ¼ 0:2 in the negative domain as the
non-linear activation function.

4.2.2 Multi-Range Training

The multi-range training strategy is specifically designed for
our model to learn the light distribution where there may be
complex occlusions, usually at the edges of occluders. There
are two major aspects to this: 1) For spatial dimension, we ran-
domly downsample the spatial resolution between ½0:8; 1:0� to
encourage themodel to learn the inter-scale correlations [44]. 2)
For angular dimension, we sample 5 different angular direc-
tions with various ranges. We consider the light distribution
model near the occluders as shown in Fig. 7a,whereweuse dif-
ferent colors to demonstrate the light rays from different views
with occlusion. The sampling is implemented by choosing first,
at random, a center view and a range, and then the surround-
ing views according to the range. For instance, considering the
occlusions near pixel x1. If one takes s4 as the center view and
samples the other views with range 1, then s2 to s6 are selected
to describe the light distribution occlusions contributed by a
single occluder. If one considers the light distribution near pixel
x3 and takes s4 as center view and samples the other views
with range 2, then sk, where k ¼ 0; 2; 4; 6; 8, are selected to
describe the light distributionwith complex occlusions contrib-
uted by two occluders. An example of what the training sam-
ples look like is provided in Fig. 7b. In our experiments, the
model trained using multi-range strategy has more robustness
over the complex light distribution and different scaling on
spatial details. Therefore, we name itM-HDDRNet and present
the quantitative and visual comparisons in Section 6.

4.2.3 Implementation and Training Details

Our network each time receives a 4D patch of light field as the
input and outputs a super-resolved 4Dpatch.We assume that
the input LR light field patch is related to its HR counterpart
based on the classical imagingmodel [21], [45], [46], [47]

ILR ¼ kðB � IHRÞ þ �; (10)

where � represents an additive noise, kð�Þ is the nearest
neighbor downsampling operator on every sub-aperture
image. B is the Gaussian kernel with window size of 7 and
standard deviation of 1.2. The HR patches are randomly
cropped from Lytro Archive [48] and Fraunhofer [49] data-
set with 96� 96 pixels and 5� 5 angular directions. Our
model is implemented using Tensorflow toolbox [50] and
trained using the Stochastic Gradient Descent solver. The
learning rate is initialized to 10�5 and decreased by a factor
of 0.1 for every 10 epochs. Our implementation is available
at https://github.com/monaen/LightFieldReconstruction.

5 EXPERIMENTS

5.1 Training Data and Analysis

The light fields involved in the experiments reported in this
paper are all from publicly available datasets. We select 100
light fields from the Lytro Archive [48] (excluding occlusions
and reflective) and the entire densely-sampled Fraunhofer
dataset [49] for training. The former contains 353 real-world
scenes captured using a Lytro Illum camera with a small base-
line. Since many corner angular samples are outside the cam-
era’s aperture, for each scene, we select the center 9� 9 views
in the experiments. The latter includes 9 scenes that are
densely sampled using a high-resolution camera. Each light
field is processed as a 21� 101 array of views, and each view
is a sampling of the real-world object with a resolution as high
as 1988� 1326 pixels. The Fraunhofer dataset enables the pro-
posedmulti-range strategy,which helps to increase the robust-
ness of ourmodel against different disparities across views.

The evaluation is conducted on light fields from multiple
sources, including real ones such as the New Light Field
Image Dataset (EPFL) [51], [52], the synthetic ones such as
HCI datasets [53], [54], the microscope datasets [55], [56] that
contain complex occlusions and translucency, and the camera
gantry light fields such as theGantry Archive [57]. The experi-
mental results demonstrate that the trained network can be
generalized to various real-world scenes, synthetic scenes,
andmicroscopy light fields. This shows that the geometric fea-
tures are relatively representative ofmultiple situations.

5.2 Model Design

In this section,we evaluate themodelwith 5 residual blocks in
the spatio-angular restoration stage, and 3 residual blocks
in the details refinement stage. Furthermore, to analyze the
performance of ourmodel, we vary the filter size and the local
residual connections. We also analyze the effects of the multi-
range training strategy.

5.2.1 Angular Filter Size of 4D Convolution

To find the effective filter size to aggregate the angular infor-
mation through the restoration network, we test five different
settings of 4D convolution. We experiment with two types

Fig. 7. Illustration of light distribution at the place with two occluders (a)
the light ray model near occluders. The blue line denotes camera plane
and xi (i ¼ 0; 1; 2; 3) is a point in the background, while si (i ¼ 0; 1; . . . ; 8)
stands for the viewpoint. The orange square denotes the selected
viewpoints and pixel in background when occlusions are contributed by
only 1 occluder, while the red square is used to for places where the
occlusions are contributed by 2 occluders. (b) illustration of light ray
model in the spatial dimensions. The solid point represents the pixel
without occlusion while hollow point stands for the occluded pixel.
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of architectures: (1) all convolution layers have the same ker-
nel size (1� 1, 3� 3, or 5� 5); (2) the kernel size increases (1–
1–3–3–5) or decreases (5–5–3–3–1) across the layer. Note that
for spatial super-resolution, varying the filter size does not
have a significant impact on the performance, and certain fil-
ter size (e.g., 3� 3) already can model the spatial content
well [41]. As is shown in Fig. 8, our experiments show that the
performance of networks with 5� 5, 3� 3 and increasing
angular kernel size have competitive capacity to learn the
angular correlations.

5.2.2 Varying Residual Connections

We examine three different methods of local residual learn-
ing in our model to evaluate the effects of hierarchical spa-
tial-angular features from the original LR light fields.

1) Sequential skip connection: This is the classic connec-
tion style used in ResNet. We adopt and extend the
method to fit our high-dimension convolution layer.

2) Share-source skip connection: All residual blocks are
connected to the source features.

3) Dense skip connection: A dense-style connection moti-
vated by DenseNet [58], which makes full use of
hierarchical spatio-angular features.

We illustrate the three types of connection in Fig. 9, and
Fig. 10 shows the convergence curves of each type of con-
nection. The dense-skip connection ensures that the model
converges to a better point.

5.2.3 Reconstruction Strategy

We compare different variants of the proposed model with
different loss items and multi-range training strategy. Our
model is composed of two parts, namely spatio-angular infor-
mation reconstruction represented by “R”, and spatial details
refinement represented by “D”. Table 1 compares the effects
of different components, together with the learning strategy
and loss for 2� spatial and 2� angular SR task. The number
behind R and D represents the number of HD residual blocks
having been involved in the corresponding subnetwork.
“MR” stands for multi-range training, and “Refinement”
denotes whether the model contains the details refinement
part. The quantitative results show performance improve-
ment,which validates the effectiveness ofmulti-range training
strategy and the defined loss. Fig. 11 examines the contribu-
tion of using the spatial loss function on the high-frequency
details reconstruction. As is discussed in Section 4.2, this loss
function helps to promote the restoration of high-frequency
details (e.g. the roof tile texture andwindow frame).

6 RESULTS

6.1 Overall Comparisons

For comparisons in terms of spatial resolution, we choose 8
state-of-the-art SR algorithms, including 3 LFSR methods
(Yoon et al. [34], BM PCA+RR [45], LFNet [20]), 3 well-known

Fig. 8. Finding the angular kernel size. The curves are based on the
average mean PSNR on a subset of the Stanford Archive scenes with
spatial scaling factor �2 and angular scaling factor �2.

Fig. 9. Local residual connection.We explore three different ways of skip
connection in the residual modules for training the proposed models.

Fig. 10. Convergence analysis on different types of connections. The
curves for each connection are based on the Average Mean PSNR on
the validation set.

TABLE 1
Ablation Study of Different Components in the Proposed Model

Model MR Refinement Loss HCI new (test) Occlusion 10

R8 � � ‘A 31.35 32.70
D8 � @ ‘S 31.34 32.65
R5D3 � @ ‘A þ ‘S 31.34 32.76
R8 @ � ‘A 31.64 32.77
D8 @ @ ‘S 31.65 33:30
R5D3 @ @ ‘A þ ‘S 31:74 33.29

We compare the performs of several variants of the model on the HCI new test
dataset and occlusion scenes, and report the PSNR results.
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single-image SR methods (VDSR [59], MSLapSRN [44], RDN
[60]) and 2 video SR (ESPCN [38] and Jo et al. [61]).We examine
differentmethods on 7 public light field datasets on real-world,
synthetic and microscope data. The results are evaluated with
the widely used image quality metrics: peak signal-to-noise
ratio (PSNR) and structural similarity (SSIM), comparing the
performance on 2�, 3� and 4� SR. For each comparison, we
use the public source code and fine-turning of the model to
fit the classic downsampling method described in Eq. (10).

(for details, please refer to supplementarymaterials, which can
be found on the Computer Society Digital Library at http://
doi.ieeecomputersociety.org/10.1109/TPAMI.2019.2945027)
The quantitative results are shown in Table 2 and the Fig. 12
compares the visual reconstruction results. Our M-HDDRNet
performs favorably against existing 2Dand3D (video) SRmeth-
ods. One major limitation of these methods is that they do not
fully exploit the light field structure, where each sub-aperture
image is restored independently (2D) or with 1D correlations.
However, the sub-aperture images in light field are correlated
in 2D, and our M-HDDRNet is able to fully exploit such com-
plex angular correlations to reconstruct high-quality scenes.

For angular SR, we compare with several recent learning-
based methods on different tasks. In Table 2, we evaluate
the performance against methods proposed by Kalantari
et al. [5] and Wu et al. [14] on real-world, synthetic and
microscope datasets. Both PSNR and SSIM are presented in
Table 2, where “A � 2” refers to enhance angular resolution
from 5� 5 to 9� 9, and “A � 3” means enhance angular
resolution from 3� 3 to 9� 9.

Fig. 11. Contribution of different loss. (a) The input LR LF image (b) Bicu-
bic (c) Model R5D3 trained on angular loss (d) Model R5D3 trained on
the combination of spatial and angular loss (e) Ground-truth.

TABLE 2
Quantitative Evaluation of State-of-the-Art LFSR Algorithms

We report the average PSNR and SSIM for Spatial 2�, 3�, 4� and Angular 2�, 3�. Red and blue indicate the best and the second best performance,
respectively.
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6.1.1 Comparison with 2D SR Methods

To illustrate the benefits of using high-dimensional convo-
lution, we compare the visual performance on the scenes
containing fine structures with two state-of-the-art 2D SR
methods. As is shown in Fig. 13, our proposed model suc-
cessfully restores the fine texture (the “whisker”) that is
almost lost in the LR input scenes. The results generated

from 2D SR methods [44] and [60] are blurry, especially on
the “whisker” regions, even if they have competitive PSNR
and SSIM with ours.

6.1.2 Comparison with 3D SR Methods

3D SR methods on LFSR treat the light field as a sequence of
images, and therefore they all lose 1D angular correlation.
In our experiment, we rearrange the sub-aperture images of
a set of light field as an image sequence, and compare the
results of our model with other state-of-the-art 3D SR meth-
ods in Fig. 14. M-HDDRNet gives more realistic spatial
results while preserving good angular correlations in 2D.

Fig. 12. Visual comparison for 4� SR on the Stanford Archive (real-world), 3� SR on Microscope, and 4� SR on HCI new (synthetic) dataset.

Fig. 13. Comparison with 2D image SR methods on real-world LF scene
for 4� SR. The LRLF loses the detailed texture after downsampling, and
our model super-resolves the “whisker” accurately while MSLapSRN [44]
and RDN [60] failed to reconstruct such fine texture information.

Fig. 14. Comparison with 3D image SR methods on real-world LF scene
for 4� SR. We present both the spatial SR results (center view) and the
error EPI of the focused region.
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6.2 2� 2 to 8� 8 View Synthesis Comparison

In this section, we carried out comparison with two state-of-
the-art view synthesis methods, namely Kalantari et al. [5] and
Yeung et al. [62]. The method byWu et al. [14] cannot be com-
pared since their method requires 3 views in each angular

dimension to provide enough information for interpolation
step. Table 3 shows the average performance on several public
LF datasets and ourmodel obtains higher PSNR value than the
other two methods. Fig. 15 further visually demonstrates that
ourmodel is able to obtain better reconstruction quality. Kalan-
tari et al. [5] tends to produce artifacts near the boundaries,
especially in the region with complex occlusions. Our model
reconstructs the LF preserved better geometric structure by
fully using the correlations among sub-aperture images.

6.3 Comparison with Spatio-Angular SR Methods

One major benefits of our proposed model is its capability to
enhance both spatial and angular resolution simulta-
neously. We compare with two existing methods [33], [34]
for super-resolution on both spatial and angular dimensions
in Fig. 16. Yoon et al. [34] applied the SRCNN to recover
spatial details leading to smooth results; Gul et al. [33] pro-
vided a pixel-level reconstruction strategy, recovering both

TABLE 3
Quantitative Evaluation of State-of-the-Art

View Synthesis Algorithms

Algorithm Occlusions
(20)

Reflective
(20)

EPFL
(21)

Micro. HCI
new

Kalantari
et al. [5]

32.68 35.98 33.60 22.14 33.19

Yeung et al.
(16L) [62]

33.19 36.82 35.09 24.11 33.39

M-HDDRNet 33.24 36.97 35.34 24.13 34.04

We report the average PSNR under the task 2� 2� 8� 8.

Fig. 15. Visual comparison of our model with Kalantari et al. [5] and Yeung et al. [62] for 2� 2 – 8� 8 angular SR task. The first column presents the
ground truth LF, and the other columns show the residual results between the reconstruction LF and ground truth LF on the (5,5) synthesized
sub-aperture image. We zoom in some regions for better comparison.
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spatial and angular information separately. However, such
pixel-level approach easily results in lattice artifacts in
bright regions of the scene, such as what is shown in the
“wall region” of Fig. 16c.

6.4 Computational Analysis

One potential drawback of the proposed 4D framework is its
additional computational requirement for the demanding 4D
convolution operations. Theoretically, when compare with a
conventional 2D convolution layer, the proposed 4D convolu-
tion layer incur a1 � a2 times additional compute operations
to result in the same output size. However, as the 4D convolu-
tion allows our model to reconstruct the entire LF directly
without additional auxiliary steps, the end-to-end compute
time of our proposed framework remains competitive. To
evaluate its end-to-end performance, we compare the execu-
tion time versus PSNR with two state-of-the-art approaches
with different reconstruction schemes. The first algorithm
was proposed by Kalantari et al. [5] which reconstructed the
LF in an aperture-wise manner. To generate each novel view,
the algorithmmust also estimate the disparitymap and adjust
the pixel color value, which further add to its overall run time.
The second approach is an multi-step EPI-wise reconstruction
approach proposed by Wu et al. [14], which called for blur-
restoration-deblur steps for each EPI reconstruction. Fig. 17
shows the runtime versus PSNR performance over different
schemes for 3� 3! 9� 9 angular SR task. Compared with
the EPI-wise [14] and aperture-wise [5] method, our model is
at least 40� times faster.

7 CONCLUSIONS

In this paper, we proposed a high-dimensional deep convolu-
tional networkwith dense connections for accurate LFSR. Our
model progressively recovers spatio-angular information and
high-frequency spatial details by minimizing MSE-based
angular loss and content spatial loss. By introducing high-
dimensional convolution layers, the proposed HDDRNet is
able to reconstruct the light field at multiple scales in both
spatial and angular dimensions. In addition, the extracted
geometric features are sensitive to the object border and there-
fore indicate the scene geometric structure. To ease the train-
ing of such 4D framework, a novel normalization operation is
defined based on a group of sub-aperture images in each
feature map. Subsequently, we proposed the multi-range
training strategy to further improve the reconstruction results,
and named the improved model – M-HDDRNet. Moreover,
we also show the efficacy of the proposed M-HDDRNet
in the context of recovering sub-pixel information in some
challenging scenes.
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