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Figure 1. Comparison of different upsampling paradigms for LF-
SSR. (a) Conventional fixed-scale SAI-by-SAI SR. (b) Three brief
ways to introduce arbitrary-scale single image SR into LF. (c) Our
SEIIF with two complementary upsampling patterns for arbitrary-
scale SR. Here c is channel number and « is scale factor.

to implement arbitrary-scale LFSSR. However, as shown in
Fig. 1(b), since MacPI takes macro-pixel instead of individ-
ual pixel as its basic element, it is impossible for pixel-based
implicit image function to perform LFSSR in 2D MacPI do-
main by generating continuous macro-pixels. In contrast,
adopting implicit image function to each SAI is feasible but
this solution overlooks angular cues. As another valid 2D
representation of LF, epipolar plane image (EPI) can also
present implicit function in a pixel-based manner, and [48]
provides a preliminary attempt to validate its effectiveness.
Although EPI alleviates the absence of angular cues, sin-
gle directional spatial-angular correlation still fails to fully
express high-dimensional information of LF.

In the light of above discussions, it can be observed that
when applying implicit image function to realize spatial up-
sampling of LFSSR, the paramount principle is to ensemble
latent representations within both intra-view and inter-view
local areas for each 4D query coordinate, thereby accurately
super-resolving all SAIs while preserving specific parallax
structure of LF. In addition, it is also crucial to sample cor-
rect latent representations to achieve high-quality LFSSR.
In single image SR, mainstream methods [4, 15] select four
nearest pixels according to relative distance without consid-
ering content relevance. On this basis, [, 3] leverage atten-
tion block to adaptively search beneficial contextual infor-
mation for upsampling. However, they impose a huge mem-
ory consumption burden, which is unaffordable in practice
when migrating to LF with more pixels.

In this paper, we propose spatial-epipolar implicit image
function (SEIIF) tailored for LESSR. In pursuit of thorough
latent representations ensembling, as depicted in Fig. 1(c),
our SEIIF integrates spatial implicit image function (SIIF)
and epipolar implicit image function (EIIF) to fully explore
structural information in 4D LF for upsampling, in which
SIIF branch exploits intra-view features in SAIs to directly
fulfill spatial SR, and EIIF branch alternately mines inter-
view features in horizontal EPIs and vertical EPIs to syn-
thesize HR LF. To enhance information interaction across
two patterns, SIIF is sub-divided into two stages along hor-
izontal and vertical directions to match the upsampling step
of EIIF. In this manner, we extra perform bi-directional opti-
mization during upsampling process between SIIF and EIIF
rather than completely separate them. Moreover, since EPI
contains line structures formed by projections of the same
scene point from different viewpoints, we present a new ori-
ented line sampling strategy to adaptively aggregate inter-
view features for each query point in EIIF. Extensive exper-
imental results show that our SEIIF significantly surpasses
conventional upsampling networks used in LFSSR methods
with little additional parameters on fixed-scale LESSR task.
For arbitrary-scale LFSSR task, SEIIF also achieves state-
of-the-art results compared to repeatedly applying arbitrary-
scale single image SR methods to all SAIs.

Our main contributions are summarized as follows:

* Propose a general implicit image function-based up-
sampling network called SEIIF, which can be flexibly com-
bined with existing LFSSR encoders for outstanding fixed-
scale/arbitrary-scale LFSSR performance.

¢ Introduce SIIF and EIIF to exploit both intra-view and
inter-view information, and integrate them via uniform up-
sampling step to complement each other, jointly achieving
comprehensive LF latent representations ensembling.

* Present a new oriented line continuous sampling strat-
egy for EIIF that can adaptively choose line structure with
correct slope in EPIs to exactly sample inter-view features.

2. Related Work

2.1. Implicit Neural Representation

Implicit neural representation adopts multi-layer percep-
tron (MLP) to map coordinates to continuous domain sig-
nals. It has been widely used in 3D shape modeling [5, 9],
3D structure rendering [21, 22], and 3D scene reconstruc-
tion [2, 27]. Later, this technique is applied to 2D images
and evolved into implicit image function, showing promis-
ing results in image representation [28] and super-resolution
[1,4, 10]. 4D LF applications of implicit neural representa-
tion have been attempted as well [16, 29, 30, 43, 46]. The
core is to sample light rays and query the color from a sparse
set of views, thus enabling high-quality novel view synthe-
sis and LF rendering. Moreover, [48] applies implicit epipo-
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Subsequently, we deliver Z29; for feature interaction to
get Z defined in Eq 2, and convert it into SAI pattern for
Zgag € RUV*HxaWxCa g execute the second step, which
aims to complete the remaining vertical upsampling and de-
code feature vectors into pixel signal. Given the final query
spatial coordinate g%, = (T, Ty) € RYTXAW e sam-
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into f¥¢" - for pixel signal L%, € RUVxaHxaWx1,
ver ) _
Tgar) =

(x
2
where &1 = (57, aW) and f§% 5 i

compresses channel number to 1. Finally, we reshape
back to LI . € RUXVxaHxaW a4 the output of SIIF.
In fact, similar to arbitrary-scale single image methods
[1,4, 15], SIIF can also address pixel value prediction for all
SAls via one single upsampling step. However, if SIIF in-
troduces one-step upsampling, EIIF and SIIF will be totally
separate during the upsampling process due to inconsistent
feature scale, making them only partially utilize geometric
characteristics of 4D LF for pixel generation. As opposed to
one-step upsampling, our two-step upsampling possesses a
unique advantage. It constructs a bridge that supports joint
feature optimization between SIIF and EIIF before the final
cross-branch summation. Therefore, feature vectors Z used
for the second upsampling step of two branches fully incor-

hor hor

h hor
Z3Ar F801p (25 a1, T6A1 — T5 a1, €5%7]) (3

hor

ver

SAT f8$11r(Zsar ®&ar — ®5ar,¢ar]) 4
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porate spatial and angular correlations, resulting in accurate
HR reconstruction results.

3.3. Epipolar Implicit Image Function

LF images can be viewed as multiple observations of the
scene from a set of viewpoints that are arranged on a regular
grid of angular plane. For a scene point, it is projected onto
different but correlated spatial locations on different angu-
lar viewpoints to establish the inter-view association. Tak-
ing into account that SIIF only distills latent representations
within a view, we propose EIIF for complementary, which
learns an epipolar image function to exploit inter-view as-
sociation contained in line structures of EPIs. Specifically,
given a 4D query LF coordinate (x,,, ©,, xp, T, ), our EIIF
splits it into two 2D query epipolar coordinates %, =
(T4, Tw) € RV*W and 27, = (,, 2,) € RUXH then
implements two-step upsampling with scale « for LESSR.

As depicted in Fig. 2, during the first step of EIIF branch,
feature vectors are first reorganized as horizontal EPI pat-
tern ZH,, € RUVHEXVXWxCa where U H denotes batch di-
mension. Considering the differences between EPI and or-
dinary image, for the query epipolar coordinate x%"{p 1, We
give up the simple nearest sampling used in SIIF but adopt
a new sampling strategy to capture both visual features and
coordinate information in line structures of Z,,; under any
disparity scale. Afterwards, the sampling results combined
with cell decoding c95; are fed into function f19" .. to ob-
tain intermediate features Zh%y, € RUAXVxaWxCa;

(x¥pr) = (IOLS(Zgpr, ), b)) (5)

where OLS denotes our new sampling strategy to be intro-

duced later, %5, = (&, =3) and fp9 o is a 3-layer MLP.
hor
into

After introducing spatial context prior from Zg%;

Zher, via feature interaction defined in Eq 2, we reorganize
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