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Abstract—Light Field Microscopy (LFM) is an imaging tech-
nique that captures 3D spatial information with a single 2D
image. LFM is attractive because of its relatively simple imple-
mentation and fast volume acquisition rate. Capturing volume
time series at a camera frame rate can enable the study of the
behaviour of many biological systems. For instance, it could
provide insights into the communication dynamics of living
3D neural networks. However, conventional 3D reconstruction
algorithms for LFM typically suffer from high computational
cost, low lateral resolution, and reconstruction artifacts. In this
work, we study the origin of these issues and propose novel
techniques to improve the performance of the reconstruction
process. First, we propose a discretization approach that uses
shift-invariant subspaces to generalize the typical discretization
framework used in LFM. Then, we study the shift-invariant-
subspace assumption as a prior for volume reconstruction under
ideal conditions. Furthermore, we present a method to reduce
the computational time of the forward model by using singular
value decomposition (SVD). Finally, we propose to use itera-
tive approaches that incorporate additional priors to perform
artifact-free 3D reconstruction from real light field images. We
experimentally show that our approach performs better than
Richardson-Lucy-based strategies in computational time, image
quality, and artifact reduction.

Index Terms—Light Field Microscopy, shift-invariant sub-
spaces, system discretization, volume reconstruction, artifact-free
deconvolution.

I. INTRODUCTION

L IGHT Field Microscopy (LFM) is a fast imaging tech-
nique used in microscopy to retrieve 3D spatial infor-

mation from a single 2D image. LFM captures a 3D scene
by placing a microlens array in front of the camera sensor of
a standard microscope to simultaneously record both angular
and spatial information from the light field.
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Light field imaging has been extensively investigated since
the concept of light field was first proposed in [1]. Light field
cameras allow separate rays coming from different directions
to be distinguished, opening up a range of applications for light
field photography. For instance, a light field image can be used
to refocus, reconstruct super-resolved images, or change the
aperture in post-processing [2], [3].

Even though the wave nature of light needs to be considered
in LFM, concepts and optical designs proposed for photogra-
phy are also suitable for microscopy. The application of light
field imaging to microscopy was first proposed by Levoy et al.
in [4]. This technique is particularly attractive due to its non-
scanning nature, allowing a much faster volumetric imaging
rate than conventional scanning microscopy. Ideally, the LFM
acquisition rate is only limited by the camera frame rate. Such
a fast rate of capturing volumetric time series implies a wide
range of possible applications. For instance, it could generate
new data and insights into the communication dynamics of
living 3D neural networks [5].

LFM aims to recover a high-quality 3D volume from
a single 2D measurement. As in many other fields, high
spatial resolution in lateral and axial dimensions is a desirable
property. However, using a single image to encode 3D spatial
information limits the number of samples that can be re-
covered. Therefore, reconstruction approaches typically suffer
from low resolution and reconstruction artifacts. Furthermore,
conventional reconstruction methods require long computa-
tional times, which clashes with the goal of LFM to analyze
volume time series or to study fast biological dynamics of
specimens in-vivo. Time constraint limits the complexity of the
reconstruction algorithm for many time-sensitive applications.

In this work, we present a generalized method to discretize
the light field model using shift-invariant subspaces. Then,
we propose a model simplification method that accelerates
the computation of the forward model. Finally, we propose a
novel optimization method based on the Alternating Direction
Method of Multipliers (ADMM) to perform artifact-free 3D
reconstruction. Note that the light field microscope used in our
work is based on the original optical design proposed in [4],
known as Plenoptic 1.0 in photography. However, the ideas
and methods presented here could potentially be extended to
other alternative optical designs, such as Plenoptic 2.0 [6] and
Fourier LFM [7]. The main novelty of our work includes the
following aspects:

• A generalized framework based on shift-invariant sub-
space modelling is proposed for system discretization.
Unlike the discretization approach used in conventional
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reconstruction methods, our framework allows diverse
sampling densities and template functions. The canon-
ical discretization approach is a particular case of our
framework.

• The LFM system is modelled using filter banks and the
corresponding forward model is simplified using singular
value decomposition (SVD). Our approach allows faster
computation compared to conventional modelling.

• An ADMM-based optimization algorithm is developed
for artifact-free volume reconstruction. The proposed
approach is more effective than conventional Richardson-
Lucy-based methods and faster due to the efficient com-
putation of the forward model.

The rest of the paper is organized as follows: in Section II
we summarize previous work in the area. In Section III, we
present a formal description of the system based on the optic
model proposed by Broxton et al [8]. In Section IV, we per-
form a novel analysis of the forward model that comprises its
discretization and its simplification. In Section V, we propose
volume reconstruction techniques based on our analysis of the
forward model. Finally, in Section VI, we show reconstruction
results on synthetic and real data and present our conclusions
in Section VII.

II. PREVIOUS WORK

The light field is a function that maps each ray in the space
into a non-negative value known as the radiance (the amount
of light of the ray). As mentioned in the previous section,
the concept of light field was first proposed for photography
by Levoy and Hanrahan [1], and by Gortler et al. [9] in
1996. However, the idea of plenoptic cameras comes from
even earlier work; the pioneer was Lippman in 1908 with
his contribution of the idea of “Integral Photography”, as
summarized in [10]. Ren Ng et al. reported the first successful
implementation of a modern light field camera using microlens
arrays in [10]. Now, this camera design is known as Plenoptic
1.0. The concept of light field became attractive because
capturing the light field function allows the perfect recovery
of the original 3D scene. A review of the main principles of
light field photography can be found in [11].

The same optical configurations designed for photography
can be adapted for microscopy. In [4], Levoy et al. first
proposed this idea by implementing the Plenoptic 1.0 configu-
ration in a standard microscope: A microlens array is placed at
the native imaging plane of a 4F system with a camera placed
at the back focal plane of the microlens array. In general, LFM
is a technique that aims to recover a 3D image from a single
light field image using computational reconstruction strategies.

In its early years, two methods were proposed for recon-
struction in LFM. In their pioneering work, Levoy et al.
introduced an algorithm that follows two simple steps. It first
refocuses the light field to obtain a raw volume or a focal stack,
and then it sharpens the stack by using 3D deconvolution. Even
though this method is fast, the reconstruction has limited qual-
ity, and the size of the microlens pitch determines the lateral
sampling interval of the reconstructed volume. Specifically, the
lateral sampling interval is always the same as the sampling

interval of the light field function, which in turn is restricted
by the existing trade-off between spatial and angular sampling
of the light field [4]. In LFM, a single camera sensor and
a microlens array are used to capture both the position and
direction of the light rays or, equivalently, both spatial and
angular information of the light field. This optical arrangement
imposes physical limitations on the sampling rates of the light
field function: the spatial sampling interval is proportional to
the microlens pitch, whereas the angular sampling interval
is inversely proportional to the number of pixels under each
microlens [4]. Thus, if the light field function is sampled with
a high spatial sampling density, it is necessarily sampled with
a low angular sampling density.

Later, Broxton et al. [8] proposed computing the measure-
ment matrix of the system by using a wave-optics model. This
model is used to state a linear inverse problem solved using the
Richardson-Lucy (RL) algorithm. Furthermore, this method
achieves better performance than the refocusing approach in
terms of quality, and it does not limit the sampling interval of
the reconstructed volume to be the same as the microlens pitch.
However, this method has high computational complexity and
suffers from square-like artifacts at specific depths.

Since the introduction of LFM, multiple alternative optical
designs have been proposed to make the impulse response of
the system less redundant. For instance, among others, Cohen
et al. [12] proposed to place phase masks in the optical path;
Guo et al. [7], proposed the Fourier Light Field Microscopy,
He et al. [13] proposed the Snapshot Multifocal Light Field
Microscopy, and recently Zhang et al. [14] proposed the
Confocal Light Field Microscopy.

Compared with the multiple improvements proposed for
the optical system, the computational strategy relies mainly
on a RL strategy. In [15], Prevedel et al. proposed a RL-
like algorithm called Iterative Image Space Reconstruction
Algorithm (ISRA) [16]. When applied to time series extraction
from neuronal cells expressing fluorescent activity reporters,
Nöbauer et al. [5] included a reconstruction step using to-
tal variation and sparse priors using a modified version of
ISRA. More recently, Lu et al. [17] proposed a Phase-Space
deconvolution method that avoids reconstruction artifacts by
first upscaling the light field image and then using one ISRA
for each light field view. Stefanoiu et al. [18] proposed an
approach that includes a filtering step to remove artifacts after
each RL iteration. There also exist solutions that avoid the
high computational complexity by reconstructing only point-
like sources, as proposed in [19]. Finally, a few studies that
exploit pure deep learning have recently emerged, e.g. [20],
[21], [22]. However, deep learning approaches suffer from a
lack of ground-truth data and are not always effective in this
context [23]. In this work, we focus on the theoretical analysis
of the system and iterative reconstructions methods, which we
show to be useful in practice.

III. SYSTEM DESCRIPTION

A light field microscope can be described as an operator that
transforms a 3D scalar field into a 2D discrete image called
a “light field”, as in [8]. For simplicity, we ignore one lateral
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Fig. 1. Description of a light field system. (a) Basic block diagram of a
light field microscope Hd. The system is composed of a continuous ideal
microscope H followed by a discretization step represented by a convolution
with kernel d(x) followed by sampling. (b) Conventional discretization ap-
proach and optical diagram. The conventional approach computes the impulse
response for different input locations, which leads to a block-circulant-like
matrix for each z-location. The upsampling factor s and the number of pixels
under each microlens N define the block sizes of H.

dimension and assume unit magnification since extending the
analysis to the original problem is straightforward. Under these
assumptions, a monochromatic light field microscope can be
modelled as an operator Hd that transforms an intensity dis-
tribution f(x, z) defined for any lateral and axial coordinates
x, z into a pixel value g[k] for any index k as follows:

g[k] = Hd{f(x, z)}. (1)

The functions f(·, ·) ∈ L2 : R2 7→ R+ and g[·] ∈ ℓ2 : Z 7→ R+

represent the volumetric input and the light field, respectively.
Moreover, Table I summarizes the main symbols used in this
paper. To characterize the light field microscopeHd, we divide
it into a cascade of two blocks, as shown in Figure 1(a).
The first block describes a continuous ideal microscope H
that is usually described using wave optics. The second block
represents a discretization process of the light field. This
process is performed intrinsically by the pixels in the image
sensor, and it can be modelled by a convolution followed by
sampling.

For fluorescent microscopy imaging, it is realistic to assume
that light emitted from two different sources is incoherent and
that effects of occlusion or non-constant refractive indexes can
be safely omitted. Based on these assumptions, the operator
H that maps the volumetric input to the output light intensity
(magnitude square of the complex field) is linear. Hence,
for a volumetric input f(p), the intensity g(x) observed
before sampling at the image sensor can be described with
a superposition integral as follows:

g(x) =

∫
h(x,p)f(p)dp, (2)

where the function h(x,p) is the impulse response of the
system H, or, equivalently, the light intensity at the output
when the input is a point source located at p = (xp, zp) ∈ R2.

Our work assumes that h(x,p) is computed using the
optical analysis first proposed by Broxton et al. [8].

TABLE I
TABLE OF SYMBOLS

Symbol Description
Hd LFM operator
H LFM operator with continuous output

h(x,p) Impulse response of H
Hδ,H Conventional LFM measurement matrix
Hi LFM measurement matrix for the i-th depth
BH Elementary matrix that circularly repeated forms Hi

Si Operator that extracts the depth i
φ(x, z) Synthesis filter
φ̃(x, z) Dual basis function of φ(x, z)
d(x) Output sampling filter
Sφ Synthesis operator with φ[·] as template
Aφ Analysis operator with φ[·] as template
Dm Downsampling matrix of factor m
Um Upsampling matrix of factor m

f(x, z) Continuous volumetric input signal
g(x) Continuous LF output signal

f [k, l], fk,l Discretized volumetric input signal
g[k] Discrete LF output signal
f Vectorized input volume
g Vectorized light field

∆x1 Lateral Sampling interval for f(x, z)
∆z Axial sampling interval for f(x, z)
∆x2 Sampling interval for g(x)
T Microlens Pitch
N Number of pixels under each microlens
s Upsampling factor

Thus, the impulse response h(x,p) is described by inde-
pendently studying three parts of the system: (a) propagation
from the source to the microlens array, (b) modulation due to
the microlenses, and (c) propagation from the microlens array
to the image sensor plane. However, as mentioned previously,
an additional process must model the light field discretization
performed by the image sensor. This process is simply a
convolution with a kernel d(x) followed by sampling. The
final output of the system is a discrete image g[k]:

g[k] = gd(k∆x), (3)

where gd(x) = g(x) ∗ d(x), and ∆x is the sampling interval.
In many practical cases, it holds that ∆x = T/N , where T is
the microlens pitch and N is the number of pixels under each
microlens. See Figure 1 (b).

As explained in [8], the system H is not shift-invariant.
However, it satisfies an important property: periodic shift-
invariance. Namely, ignoring the finite extent of the device,
for any x, z ∈ R, if the input is shifted by multiples of
T along the lateral axis, then the output is also shifted by
multiples of T . Hence, the following relationship holds:

g(x− nT ) = H{f(x− nT, z)},∀n. (4)

This means that for any depth z, this equation describes a
periodically shift-invariant behaviour. An equivalent form to
characterize this property is to state that the impulse response
h(x, xp, zp) of the system H is periodic:

h(x, xp, zp) = h(x− T, xp − T, zp). (5)

Finally, the entire system is discretized such that the in-
version can be computed numerically. In [8], a standard
discretization approach was proposed: first, a Dirac delta is
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Fig. 2. Discretization of the light field system using shift-invariant subspaces.
We show the discretization of a volume f . If f belongs to the shift-invariant
subspace defined by template function φ(x, z), the discretization can be
inverted after filtering with φ(x, z), as shown in the block diagram on the
top of the figure. This allows performing a non-standard discretization that
generalizes the conventional discretization method in LFM, as indicated on
the bottom of the figure. Notice that the input discretization depends on the
sampling density and template function φ(x, z), while the output is discretized
intrinsically by the device depending on the physics of the pixel sensors. In
our example we show three possible choices for the input filters (Haar, Linear
Spline and Dirac delta).

shifted laterally and axially; then, each shifted Dirac is used
individually as an input to compute the corresponding impulse
response, which is then stored in a matrix. The shifts of the
Dirac delta are defined by an axial sampling interval ∆z
and a lateral sampling interval T

s , where the integer s is the
upsampling factor, as shown in Figure 1(b). Since the system
is not shift-invariant, multiple impulse responses for different
positions must be stored. The final discrete system can be
described by:

g = Hf , (6)

where matrix H ∈ Rm×n maps a vectorized volume f ∈ Rn

into a light field g ∈ Rm. The number n of voxels of the
volume is usually much larger than the number m of pixels
of the light field.

In [8], the inverse problem derived from Equation (6) is
solved using RL. Since property (4) leads to matrix H that is
block-circulant for each z position, it is feasible to solve the
problem by using RL [8]. However, this can be highly com-
putationally demanding. Furthermore, the recovered volume
suffers from artifacts near the native object plane (NOP): the
plane where a point source is in focus at the microlens array,
as described in [8] (conventionally, the plane z = 0).

IV. FORWARD MODEL ANALYSIS

In this section, we study the description of the light field
system. First, we analyze a framework that generalizes the
conventional discretization approach by using shift-invariant
subspaces for sampling. Then, we describe the system using
filter banks, which in turn suggests a model simplification
based on SVD that can be used to accelerate the computation
of the forward model.

A. A general discretization framework

As mentioned previously, the standard approach presented
in [8] discretizes the system by computing the impulse re-
sponse for different input positions. However, a more general
strategy is to discretize both the input and output using the
assumption that the volume f(x, z) belongs to a shift-invariant
subspace (SIS) defined by a template function φ(x, z), which
was proposed in [24] for convolution operators in digital
holography. If a function f(x, z) belongs to a SIS Vφ gen-
erated by φ(x, z), it can be written as follows:

f(x, z) =
∑

k

∑

l

fk,lφ

(
x

∆x1
− k,

z

∆z
− l

)
, (7)

where fk,l = ⟨f(x, z), φ̃( x
∆x1
− k, z

∆z − l)⟩ and φ̃(x, z) is
the dual basis of φ(x, z). As shown in Figure 2 (top), the
relationship shown in Equation (7) can be represented with
a simple pipeline: convolution, sampling, convolution. Note
that any input f(x, z) belonging to the subspace Vφ can be
perfectly reconstructed from its samples fk,l. Furthermore, the
samples fk,l can be computed by filtering f(x, z) with φ̃(x, z)
and then sampling with sampling interval ∆x1, ∆z. This idea
is exemplified in Figure 2 (top) by using three types of filters:
a Haar, a linear spline and a Dirac delta.

If f(x, z) is the input to the light field microscope, the
model in Equation (7) suggests an alternative discretization
process illustrated in Figure 2 (bottom). The input is sampled
using the template function φ(x, z) with sampling intervals
∆x1, ∆z. The output is sampled using the template function
d(x) with a sampling interval ∆x2. Notice that the sampling
of the output is performed intrinsically by the light field
microscope, whereas the sampling of the input depends on
how f(x, z) is modelled. For example, if we assume f(x, z)
is a bandlimited signal, φ(x, z) is the sinc function. If we
assume f(x, z) is a uniform spline, then φ(x, z) is a spline.
In contrast, d(x) is usually a fixed box function (Haar filter)
that models the effect of each pixel in the camera sensor [16].
Since the filter d(x) should have support equal to the pixel size
to simulate the effect of the pixel, a box function is usually
enough to model the system properly. See Figure 2.

The discretization process leads to a new system defined by
the impulse response hφ(x, xp, zp). This system is equivalent
to a cascade of three systems, (a) a 2D convolution with kernel
φ(x, z), (b) the system H, and (c) a 1D convolution with
kernel d(x). See Figure 2 (b) for clarification. Therefore, by
construction, periodicity still holds for the impulse response
hφ(x, xp, zp):

hφ(x, xp, zp) = hφ(x− T, xp − T, zp). (8)

The corresponding discretized impulse response can be found
from the impulse response hφ(x, xp, zp) by sampling it along
each dimension. Therefore, the discrete system is defined by:

hφ[k, kp, lp] = hφ(k∆x2, kp∆x1, lp∆z). (9)

Furthermore, using Equation (8) and Equation (9) it is possible
to show that a periodicity property also holds for the discrete
impulse response hφ[·]:

hφ[k, kp, lp] = hφ[k − rq, kp − ts, lp], (10)
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(a)

(b)

Fig. 3. Filter Bank Representation. In (a), a block diagram of light field
microscope is depicted. For each depth i, the linear system Si performs a
slicing operation which chooses the respective i-th slice of the volume fi[k] =
f [k, i]. Then, each slice is passed through a filter bank to obtain a light
field gi[k] per depth i. Finally, the light field g[k] is the summation of all
gi[k]. (b) For each depth, the filter bank can be approximated by reducing
the number of branches of the filter bank from ts to F . The sampling filter
vm[k] defines the circulant matrix Vm and the filter cm[k] = σmum[k]
defines the circulant matrix Cm. Filters vm[k], um[k] are the left and right
singular vectors and coefficients σm are the singular values coming from a
singular value decomposition. Notice that when F = ts, the approximation
becomes equality.

where we assumed that integers q, r, s and t exist such
that ∆x1

T = q
s and ∆x2

T = t
r and where both fractions are

irreducible.
Finally, we remark that the conventional discretization pro-

cedure can be understood as a particular case of this more
general framework. Note that if we allow φ(x, z) to be a Dirac
delta, q = 1 and t = 1, our framework reduces to the standard
discretization approach. In this case, s is the upsampling
factor, r is the number of pixels under each microlens N ,
and hφ[k, kp, lp] is the standard discrete impulse response, as
described in [8].

B. Model Simplification

Equation (10) indicates that periodically-shift invariance
holds for each depth of the discrete system. Therefore, the
measurement matrix H derived from the discretized impulse
response hφ[k, kp, lp] can be written as

H =

D∑

i=1

HiSi, (11)

where Si is an auxiliary matrix that selects the depth lp = i
from the discrete volumetric input, D is the number of depths,
and each matrix Hi follows a block-circulant structure due to
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Fig. 4. Optimal analysis filters. This figure shows F = 8 optimal filters
found for two different depths (z = −11 µm, z = 0 µm) from a maximum
of ts = 19 × 19 filters. For each depth, these filters are the 2-D version of
the 1-D filters named {vm}Fm=1. In (a) we use a dirac Delta as the template
function φ and in (b) we use a spline. The shown singular values σm are
normalized to be between 0 and 1.

Equation (10). Furthermore, as depicted in Figure 3, the peri-
odic shift-invariant property allows each Hi to be represented
as a filter bank that performs a set of convolutions with the
input. This accelerates the computation of the forward model.
Assuming that each Hi is full rank, 2× ts×D convolutions
are needed to describe the whole H. This is because the
number of branches needed to represent each Hi equals ts,
and 2 convolutions are required for each branch, as shown in
Figure 3 (b). However, these computational requirements may
be excessive in practice since the number ts of branches can
be very high.

To mitigate this issue, we propose a simplification of
the forward model. The computation can be accelerated by
reducing the number of branches of each filter bank to F by
optimally choosing the corresponding filters. First, we analyze
the case F = 1, and then we generalize for arbitrary F .
Thus, to approximate each Hi using a filter bank with a single
branch, we state the following optimization problem:

min
c,v

∥Hi −CUrqDtsV
T∥22, (12)

where the matrix Dts is a downsampling matrix of factor ts
and the matrix Urq models upsampling by rq. The matrix V is
circulant, and it is completely defined by one column v, which
corresponds to the input filter of the filter bank. Similarly, the
matrix C is circulant, and one column c corresponds to the
output filter of the filter bank. The proper selection of c and
v will allow the best approximation of Hi in the least square
sense. The norm used here is the Frobenius norm.

To solve this problem, we limit the analysis to v with
compact support ts. Since both Hi and CUrqDtsV

T have
a similar structure, they can be expressed as follows:

Hi = (...B̂H,BH, B̌H...), (13)

and
CUrqDtsV

T = (...B̂CV,BCV, B̌CV...). (14)

The notation B̂H means that each column of BH is shifted
upward by rq elements. Similarly, B̌H indicates a downward
shift by rq elements. Similar notations apply to BCV. See
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a) Ground Truth
Standard Method
t=4.86 s

b) Approximation
Matrix MSE=10%
F=8
t=0.25 s
LF Error= 0.59%

c) Approximation
Matrix MSE=1%
F=38
t=1.14 s
LF Error= 0.00017%

Single-depth Volume
(z=-4 μ m)

LF

969x969x1
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Fig. 5. Model simplification example. A synthetic light field was computed
from a single depth volume. In (a) we show the simulated light field image
using the standard model without any approximation. Furthermore, we show
results using our approximation method by setting F = 8 and F = 38, and
this leads to a matrix error (mean square error) of 10% in (b) and 1% in (c).
The rightmost column shows the average computational time and the error
between the approximated light field image and the ground truth. The single-
depth volume is a sample of Drosophila melanogaster Kc167 cells taken from
a publicly available library [25]. All the methods were tested in a CPU ( Intel
Core i7-6700, 16 GB RAM) using MATLAB R2018b.

Figure 1 (b) and Figure 3 (a) for clarification. Hence, using
Equation (13) and (14), expression (12) reduces to the min-
imization of ∥BH − BCV∥22. Based on the compact support
assumption for v, it holds that BCV = cvT. Therefore, c and
v should be chosen such that:

min
c,v

∥BH − cvT∥22. (15)

This minimization is a rank-1 approximation easily solved
by using the SVD of BH. More importantly, computing the
approximated forward model CUrqDtsV

T involves only two
convolutions, implying much less computational complexity
than computing the whole model.

As a generalization to the above rank-1 (very coarse)
approximation of Hi by solving problem (12), the following
rank-F approximation that keeps the largest F singular values
of BH is proposed:

Hi ≈
F∑

m=1

CmUrqDtsV
T
m. (16)

For each matrix Vm, the respective vm is a right singular
vector of BH and the cm of Cm is a left singular vector um

multiplied by the respective singular value σm: cm = σmum.
Notice that, since this approximation comes from an SVD, the
summation progressively improves the approximation of the
matrix Hi. In particular, when F equals ts, the approximation
turns into an equality. We also note that Equation (16) can
be interpreted as a filter bank with F branches. Thus, for
each depth, the approximation of Hi with F terms reduces
the number of branches of the filter bank from a maximum of
ts to F (see Figure 3).

Finally, given a volumetric input with an arbitrary number
of depths D, the rank-F approximation strategy can be applied
to approximate each matrix Hi for each depth i independently.

Approximation examples. To demonstrate the proposed
model simplification strategy, Figure 4 shows F = 8 optimal

(a) f(x, z) ∈ Vϕ ϕ̃(−x,−z) ϕ(x, z) H d(x) g[k]
∆x1,∆z ∆x2

hϕ

1

(b) g[k] h−1
ϕ [kp, lp, k] ϕ(x, z) f(x, z) ∈ Vϕ

∑
k,l

δ(x-k∆x, z-l∆z)

1

(c)
f [k, l] ∈ Vϕ[·] ϕ̃[−k,−l]

yr
xr ϕ[k, l] hδ[k, kp, lp] g[k]

A S Hδ

1

(d)
ĝ[k] (hδϕ)

−1[kp, lp, k]
xr ϕ[k, l] f [k, l] ∈ Vϕ[·]

(HδS)
† S

1

Fig. 6. Shift-invariant subspace assumption. In (a), we show a method to
discretize the system using a shift-invariant subspace (SIS) Vφ. An arbitrary
volumetric signal f(x, z) ̸∈ Vφ is discretized with a template function
φ(x, z) at an arbitrary sampling density. In contrast, the output is discretized
intrinsically by the microscope with the kernel d(x) at a sampling density
defined by the pixel sensor to obtain a discrete output g[k] . In (b) we show
how to perform perfect reconstruction from g[k] under the assumption that
the volume f(x, z) belongs to the assumed SIS Vφ and the discrete system
hφ[k, kp, lp] is invertible. In (c), we show the discrete version of the shift-
invariant subspace discretization shown in (a). In (d), we show how to perform
perfect reconstruction in the discrete space, under the assumption that HδS
is full rank and the discrete volume f [x, z] belongs to the assumed discrete
SIS Vφ[·].

filters computed using our SVD approximation for two depths.
For these experiments, the input sampling intervals are set as
∆x1 = T/N1 for both lateral axes and ∆z = T , while the
output sampling intervals are set to ∆x2 = T/N2 for both
lateral axes, where N1 = 8, N2 = 19, T = 125 µm, and the
microscope magnifies the volume by a factor of M = 25. In
part (a), we set φ(x, z) to be a Dirac delta and a linear spline
in part (b). The shown filters are the equivalent 2D versions
of the filters {vm}Fm=1 of the filter bank shown in Figure 3.
One can observe that the shape of each filter changes with the
depth. In part (a), for z = 0 µm, the filter for singular value σ1

is close to a square, which means that the system averages a
region of the size of the microlens area, and projects this region
into the light field space. Furthermore, the singular value σ2

is almost 0.09 times the singular value σ1, which shows the
rank deficiency of the matrix BH for this depth. However,
changing the template function to a linear spline modifies the
measurement matrix of the system, as shown in Equation (9).
We observe in part (b) that the optimal filter corresponding
to σ1 for z = 0 µm is not a square anymore, which shows
how the rank deficiency of the matrix BH was reduced due
to the integration along the axial dimension that occurs when
a spline is selected as a template function.

As explained previously, truncating the number of branches
of each filter bank of the model accelerates its computation. To
show the utility of this approximation, we take a single-depth
volume (z = −4 µm) and simulate the forward model using
both the standard method and our approximation. We use the
same downsampling and upsampling factor ts = rq = 19 for
both lateral axes. Figure 5 shows visual results for F = 8
and F = 38, which correspond to a matrix approximation
error of approximately 10% and 1%, respectively. Notice that
the number of filters F is much lower than a maximum of
ts = 19 × 19. Furthermore, for both cases, the approximated
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Fig. 7. Ideal reconstruction using the pseudoinverse on synthetic data. In this experiment, the ground truth volume satisfies the SIS assumption. We show two
volumes lying into 2 different subspaces as ground truth, subspace 1 (a) and subspace 2 (b). Then, we show the respective reconstruction without any prior
assumption (using ISRA) and the reconstruction using the pseudoinverse with the prior assumption. Top, we show the in-focus plane, one xz, and one yz
plane. Below, we show additional slices for different depths. All the distances are measured in µm. The volumetric data was taken from Lilium Longiflorum
Pollen [25], while the light field images were simulated from the 3D pollen volumes.

light field is visually indistinguishable from the ground truth,
the error measured from the light field is less than 6% for
F = 8, and it is almost zero when F = 38. The latter is
because the system matrix is inherently low rank. Furthermore,
in this experiment, our simplified model is almost 19 times
faster to compute when F = 8 and four times faster when
F = 38 than the standard approach.

V. VOLUME RECONSTRUCTION

This section analyzes the problem of reconstructing a 3D
volume from a single light field image. In particular, we study
model-based reconstructions to perform this task. First, we
analyze an ideal case where the volumetric signal lies in a
SIS; then, we study the more general scenario.

A. Ideal reconstruction under shift-invariant-subspace as-
sumption

In Section IV-A, we discussed an alternative discretization
process based on the assumption that the volumetric signal
f(x, z) lies in a shift-invariant subspace generated by φ(x, z).
This is again depicted in Figure 6 (a). Under this assumption,
the image formation process is described by the discrete filter
hφ[k, kp, lp] and, if this filter is invertible, reconstruction is
achieved by first filtering the discrete light field image g[k]
with h−1

φ [k, kp, lp] and then by resynthesizing the original
volume using a continuous filter φ(x, z), see Figure 6 (b). In
other words, perfect reconstruction (aliasing-free) of the con-
tinuous signal f(x, z) is always achievable if two conditions
hold: (a) hφ[·] is invertible and (b) the volume being imaged
genuinely belongs to the SIS generated by φ(x, z) e.g. Linear
splines, box functions, sinc functions (band-limited functions).
As an analogy, in the problem of reconstructing a signal from
its discrete samples, the named conditions are analog to the

requirement for perfect reconstruction of the input. In Nyquist
theorem, when the input signal genuinely belongs to the space
of band-limited functions when the cutoff frequency equal
to half the sampling frequency, the signal can be perfectly
reconstructed from its samples. This observation suggests a
way to find volumes that can be reconstructed from the light
field image.

In practice, it is difficult to find a close form for hφ; we
therefore first discretize both h(x, xp, zp) and f(x, xp, z) as
in [8], but at a much finer resolution than the native lateral
resolution of the LFM and then apply the shift-invariant model
to the discretized f , which we denote as f [k, l]. This leads to
the alternative model shown in Figure 6 (c), which can be
described in matrix vector form as follows:

g = HδSφAφf . (17)

Here, vector f ∈ Rn is the vectorized volumetric input,
vector g ∈ Rm is the light field image, matrix Aφ ∈ R

n
r1r2

×n

represents the convolution with the filter φ̃(x, z) followed by
downsampling, matrix Sφ ∈ Rn× n

r1r2 is the upsampling
followed by convolution with the filter φ(x, z), the downsam-
pling and upsampling are defined by the factor r = (r1, r2),
and Hδ ∈ Rm×n is the forward model discretized using [8]
(see Figure 6 (c)).

To recover the original volume f , one can choose the
downsampling factor r and filter φ[·] in Figure 6 (c) in a way
that HδSφ is full column rank and then the pseudoinverse can
be used as follows:

f = Sφ(HδSφ)
†g. (18)

Notice that this approach allows perfect reconstruction if
matrix HδSφ is full rank, and the input belongs to the assumed
SIS. This process is depicted in Figure 6 (d).
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Algorithm 1: Volume Reconstruction
Input : Light field image g, matrix block BH for

every depth, learning rate α, importance of
derivatives {ρx, ρy, ρz}, non-negativity
importance ρ+, soft-threshold parameter λ,
number of iterations K.

Output: Reconstructed Volume fK

k = 0
Initialize fk and auxiliar variables {uk

i }4i=1, {zki }4i=1

to zero.
for k < K do

zk+1
1 = prox+(f

k + uk
1)

zk+1
3 = prox|·|(Dn

y f
k + uk

3 ;λ)

zk+1
2 = prox|·|(Dn

xf
k + uk

2 ;λ)

zk+1
4 = prox|·|(Dn

z f
k + uk

4 ;λ)
fk+1 ← solve Equation (19) ( Hfk+1 is computed
from BH, possibly using our fast approximation)

(I+ρ+I+ρxD
nT
x Dn

x+ρyD
nT
y Dn

y+ρzD
nT
z Dn

z )f
k+1

= fk − αHT(Hfk − g) + ρ+(z
k
1 − uk

1)

+ ρxD
nT
x (zk2 − uk

2) + ρyD
nT
y (zk3 − uk

3)

+ ρzD
nT
z (zk4 − uk

4) (19)

uk+1
1 = uk

1 + fk+1 − zk+1
1

uk+1
2 = uk

2 +Dn
xf

k+1 − zk+1
2

uk+1
3 = uk

3 +Dn
y f

k+1 − zk+1
3

uk+1
4 = uk

4 +Dn
z f

k+1 − zk+1
4

k = k + 1
end

However, we highlight that there are limitations that make
Hδ rank deficient that cannot be overcome by the selection of
a proper SIS. These limitations arise from the inherent lack of
diversity in the impulse response for different input positions,
e.g., the impulse response for in-focus points. Thus, the rank of
Hδ imposes a limit on the maximum number of samples that
can be recovered. In particular, if the lateral sampling interval
∆x1 is decreased, the axial sampling interval ∆z needs to be
increased. This implies that it is not feasible to achieve high
resolution simultaneously in both axes. Finally, one needs to
choose the template function φ[·] and downsampling factor r
such that the inversion of HδSφ is as stable as possible, which
gives a degree of freedom to investigate in practice.

Our experiments demonstrate this framework by modelling
the SIS using separable 3D filters formed by one-dimensional
linear splines. For the subspace used in the first scenario (sce-
nario 1), we set a downsampling factor r = (4, 4, 16) which
means a factor of 4 for both lateral dimensions and 16 for the
axial dimension. In the second case, scenario 2, we use the
same filter type but a downsampling factor r = (8, 8, 8). For
this experiment, we use publicly available 3D data: the Lilium
Longiflorum Pollen [25]. This volume is projected into the
named subspaces to ensure the assumption holds. Figure 7 (a)
shows that the ground truth volume for scenario 1 has a
visually slightly higher lateral resolution than for scenario 2
due to the different downsampling factors r used for each

subspace.
To compute Hδ we use lateral and axial sampling intervals,

∆x1 and ∆z, equal to T/16, and the output sampling interval
∆x2 defined by the pixel size of the sensor is equal to T/19,
where T is the microlens pitch. Notice that our framework
allows diverse sampling densities for both input and output,
as opposed to [8]. Then, we compute the light field image
using matrix Hδ and attempt to recover the original volume
using Equation (17). We clarify that the pseudoinverse was
approximated iteratively since the closed-form expression of
the pseudoinverse is not accessible.

Figure 7 shows the comparison between the proposed ap-
proach and the conventional reconstruction using ISRA. We
show both lateral and axial slices of the volume. The recon-
structed volume using the pseudoinverse and the SIS assump-
tion matches the ground-truth volume very accurately, which is
verified by the high Peak Signal to Noise Ratio (PSNR) and
Structural Similarity Index Measure (SSIM). Moreover, the
reconstruction does not suffer from heavy square-like artifacts
near z = 0 as in the standard reconstruction approach (ISRA).
Note that the volume was reconstructed at the maximum
sampling density 16/T for both scenarios. However, for sce-
nario 1, the volumetric signal lies in a SIS with a shift equal to
0.25 times the microlens pitch, and for scenario 2, the volume
lies in a SIS with a shift equal to 0.5 times the microlens pitch.
This experiment shows that, for the proposed ideal scenarios,
exploiting the underlying low-dimensionality of the volume
allows artifact-free reconstruction with much higher accuracy
than ISRA in terms of two metrics, SSIM and PSNR.

B. General Scenario and Additional priors

As mentioned previously, when no prior assumption is made
about the input, the reconstruction suffers from square-like
artifacts near the plane z = 0. This is explained in work [8]
and also verified in our experiments in the previous section.
The reason is that a solution found using the pseudoinverse
of Hδ lies in the row space of the matrix Hδ , which only
contains volumes with artifacts, due to the rank deficiency
and the particular matrix structure for this depth.

Furthermore, during the volumetric reconstruction, com-
monly used algorithms such as ISRA and RL only impose mild
priors (e.g., non-negativity and noise distribution), which are
insufficient to regularize the solution. Therefore, we suggest
incorporating more advanced priors as additional regulariza-
tion to enforce the solution to live in a richer space far away
from the row space of Hδ .

In particular, we propose two techniques for volume recon-
struction. First, we propose to solve the following optimization
problem:

min
f

∥Hδf − g∥22 + ∥Dn
xf∥1 + ∥Dn

y f∥1 + ∥Dn
z f∥1

s.t. f ≥ 0,
(20)

where f is the desired volume, g is the light field image,
and Dn

x , Dn
y and Dn

z are the n-th order derivatives along
each axis. The parameter n can be adjusted experimentally
since the derivative order does not imply too much additional



9

computation. Notice that if n = 1, the regularizer is an
anisotropic total variation. However, this whole optimization
is computationally demanding due to the high dimension of
matrix Hδ . To alleviate this issue, we propose to use our
approximation method based on SVD to compute the forward
model.

As shown in the previous section, a SIS spanned by linear
splines is able to reproduce typical structures that appear in
the LFM image of a pollen volume. Considering this, we
state the following optimization problem that exploits the
SIS assumption to impose an additional constraint on the
reconstructed volume:

min
f

∥HδSφAφf − g∥22 + ∥Dn
xf∥1 + ∥Dn

y f∥1 + ∥Dn
z f∥1

s.t. f ≥ 0,
(21)

where matrix Aφ and matrix Sφ have been defined before.
Note that if the projection SφAφ is orthogonal, the transpose
of the matrix HδSφAφ satisfies:

(HδSφAφ)
T = (SφAφ)

THδ
T = SφAφHδ

T. (22)

Therefore, the rows of the new measurement matrix span
volumes that always lie in the assumed subspace. This char-
acteristic, together with the sparsity imposed into the n-
th order derivatives, helps to reduce typical reconstructions
artifacts. Furthermore, the dimension of the matrix HδSφ is
smaller than that of Hδ . This allows solving the problem by
exploiting the underlying low-dimensional 3D space where f
lives, thereby contributing to efficient computation.

Finally, to solve optimization problems (20) and (21), we re-
quire an algorithm that avoids time-consuming inner loops and
does not introduce strong artifacts from the computation of the
transpose. To this end, we propose to adapt the inner-loop-free
ADMM proposed in [26] for cryogenic electron microscopy
to the light field problem, as shown in Algorithm 1. This
algorithm can be implemented efficiently since it only needs
the computation of the forward model at each iteration, the
adjoint (transpose), convolutions, and point-wise non-linear
operators (soft-thresholding and rectifier linear units).

VI. EXPERIMENTS AND RESULTS

In this section, we show experimental results using synthetic
and real data. For synthetic data, we measure reconstruction
performance using the peak signal to noise ratio (PSNR)
and the structural similarity index measure (SSIM) since the
ground truth is available in this case. For real data, we only
show reconstructed results for visual comparison. If not stated
otherwise, the settings of the light field microscope used for
both the simulated and the real data are set as: numerical
aperture = 1, refractive index = 1.33, wavelength = 490 nm,
magnification (M ) = 25, microlens pitch (T ) = 125 µm,
microlens focal length = 1250 µm, tube lens focal length =
0.18 m, pixels under each microlens =19. Furthermore, to
compute Hδ we set the lateral and axial sampling intervals,
∆x1 and ∆z to T/16, and set the output sampling interval
∆x2 defined by the pixel size of the sensor to T/19, where T
is the microlens pitch.

TABLE II
PERFORMANCE OF MODEL-BASED METHODS ON SYNTHETIC DATA.

PSNR SSIM Time/Iteration (s)
Pollen

ISRA [15] 26.05 0.54 470
ISRA (Total Variation) [5] 26.18 0.53 520
ISRA (Artifact-free) [18] 25.10 0.54 485

ADMM 27.22 0.65 79
ADMM (SIS) 27.70 0.66 32

Neurons
ISRA [15] 30.81 0.94 471

ISRA (Total Variation) [5] 28.38 0.91 530
ISRA (Artifact-free) [18] 32.20 0.92 481

ADMM 33.83 0.96 68
ADMM (SIS) 39.67 0.98 26

A. Synthetic Data

To validate our analysis, we perform experiments using
two types of volumes. First, from the pollen structure [25],
we simulate a light field image using matrix Hδ . The size
of the synthetic light field is 779 × 779 pixels, while the
original and reconstructed volumes are of size 656×656×96
voxels (notice that 659 = 779 × 16/19). Then, from the
light field image, we try to reconstruct the volume using
five methods: (a) conventional ISRA [5], (b) ISRA with total
variation, (c) artifact-free ISRA [18], (d) ADMM with sparsity
regularization on the derivatives, as shown in Equation (20),
and (e) ADMM with SIS assumption as well as sparsity
regularization on the derivatives, as shown in Equation (21).
For the latter case, we choose splines as template functions.
Specifically, we choose the settings named ‘scenario 1’ in the
previous section.The order of the derivative n in Equation (20)
and (21) is set to 3. For all the three methods, the number of
iterations is set to 24. In the supplemental material we discuss
the use of a different stopping criterion.

We clarify that we use the same algorithm to solve both
optimization problems (20) and (21). However, for the first
case, our approximation method (16) is used to make the
optimization computationally tractable, while for the second
case, the approximation is not needed since HδSφ has a
smaller size than Hδ . In these experiments, we choose F
in Equation (16) to achieve a matrix approximation error of
10%. Furthermore, note that in Algorithm 1, the additional
computation performed includes convolutions and the adjoint
operator of the system. The convolutions can be computed
efficiently, and the adjoint operator can be found easily from
the original measurement matrix using reflections and permu-
tations. Therefore, Algorithm 1 can be implemented efficiently.
Finally, the parameters α, ρx, ρy ,ρz , ρ+ and λ of Algorithm 1
can be found manually. In this section, we show that different
choices of values have a limited effect on the performance of
the method.

Figure 8 (a) shows the 3D structures recovered from a
simulated light field image using the ISRA approaches and
our method. Both the standard ISRA and the ISRA with total
variation [5] introduce artifacts at planes near z = 0. In con-
trast, our ADMM methods achieve artifact-free reconstruction.
Even though the ISRA version proposed in [18] also achieves
artifact-free reconstruction, the solution is over-smoothed near
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Fig. 8. Reconstruction using synthetic light field data. Top, we show the in-focus plane, one xz, and one yz slice of the ground truth volume, the reconstruction
using ISRA, ISRA with total variation [5], artifact-free (AF) ISRA [18], ADMM without SIS assumption, and ADMM with SIS assumption. The shown PSNR
and SSIM correspond to the whole volume. Furthermore, below, we show additional slices for different depths. The shown PSNR and SSIM correspond to
each slice. In this case, the ground truth volume does not satisfy the SIS assumption. We use the Lilium Longiflorum Pollen [25] dataset in (a), and a brain
slice taken from an EGFP tagged triple transgenic mouse line in (b). The light field images were created synthetically from wide field volumes. All distances
are measured in µm.

TABLE III
PERFORMANCE OF ITERATIVE METHODS WITH POISSON NOISE.

α0 48 40 32 24 16 8 48 40 32 24 16 8
Pollen

PSNR SSIM
ISRA [15] 27.17 26.89 26.35 27.16 27.07 26.73 0.62 0.63 0.54 0.57 0.56 0.55

ISRA (Total Variation) [5] 26.96 26.19 26.48 26.28 26.41 25.84 0.56 0.54 0.54 0.54 0.54 0.53
ISRA (Artifact free) [18] 26.77 25.16 25.92 26.03 25.50 25.71 0.55 0.51 0.52 0.53 0.51 0.52

ADMM 26.83 26.65 27.11 27.04 27.21 26.79 0.63 0.63 0.64 0.64 0.64 0.64
ADMM (SIS) 27.82 26.97 26.61 27.27 27.80 27.67 0.64 0.64 0.66 0.65 0.66 0.66

Neurons
PSNR SSIM

ISRA [15] 34.20 27.93 32.51 32.61 29.31 33.79 0.88 0.80 0.88 0.90 0.88 0.94
ISRA (Total Variation) [5] 29.50 25.92 28.13 29.77 27.71 28.60 0.84 0.77 0.83 0.86 0.84 0.86
ISRA (Artifact-free) [18] 30.05 30.82 31.34 32.15 31.58 31.88 0.86 0.87 0.88 0.90 0.90 0.91

ADMM 33.02 31.50 34.25 34.69 32.70 34.36 0.94 0.93 0.96 0.96 0.95 0.96
ADMM (SIS) 31.96 29.68 32.88 34.60 32.12 34.37 0.90 0.88 0.92 0.95 0.94 0.96

z = 0. Furthermore, our ADMM approaches give higher
PSNR and SSIM than all the ISRA approaches. The ADMM
with the SIS prior gives slightly higher PSNR and SSIM than
the ADMM with no SIS assumption, as shown in Table II.

For the second experiment, we imaged a 50-um-thick brain
slice from a mouse line Ai90 [27] expressing an Enhanced
Green Fluorescent Protein (EGFP) with a wide-field micro-
scope (Figure 8 (b)). Then, we simulated light field images
using the captured volume as ground truth data. For this type
of data, we obtain similar results as in the previous case. Both
ADMM methods achieve artifact-free reconstruction, while
the standard ISRA and the ISRA with total variation [5]
reconstructs squares near the plane z = 0, as shown in

Figures 8 (b). The artifact-free ISRA [18] removes squares,
but in this case the solution is distorted. Quantitatively, as
shown in Table II, the resulting PSNR and SSIM using the
SIS assumption are slightly higher than those without the
SIS assumption. Both ADMM methods outperform ISRA
approaches in terms of PSNR and SSIM.

Furthermore, for the given settings, the ADMM methods
are faster than the conventional methods. Each iteration of all
the ISRA methods takes more than 470 seconds on average,
whereas the ADMM without SIS prior takes 74 seconds, and
ADMM with the SIS prior takes 29 seconds on average,
as shown in Table II. All the methods were tested in a
CPU ( Intel Core i7-6700, 16 GB RAM) using MATLAB
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TABLE IV
HYPER-PARAMETER STUDY(PSNR).

α ρ+ ρx, ρy ρz λ
[0.3, 3]× 10−6 [1.2, 12] [250, 2500] [0, 100] [0.15, 15]× 10−4

ADMM Min. 24.91 24.32 27.32 25.84 27.31
Max. 27.48 27.47 27.47 27.47 27.48

ADMM(SIS) Min. 25.67 25.98 27.47 27.50 27.62
Max. 27.82 27.86 27.71 27.71 27.71

R2018b. Further results with synthetic light field created from
mouse blood vessels [21] and mouse neurons co-expressing
the functional calcium indicator GCaMP8f, and the structural
marker tdTomato [28] are shown in the supplement.

Performance under noise. To further analyze the performance
of our method we included Poisson noise in the system as
follows:

y ∼ α0Pois(
Hδx

α0
), (23)

which means that y is drawn from a Poisson distribution with
mean Hδx

α0
. The scalar α0 controls the amount of noise ( larger

α0 means more noise).
We use the same two datasets used in the previous section

for this experiment. We synthetically created LF images with
different noise levels by varying the scalar α0 from 8 to 48,
as shown in Table III. We found that both ADMM methods
can manage adequately low to moderate noise conditions. Fur-
thermore, the ADMM methods achieve the highest PSNR and
SSIM for most noise conditions. Specifically, for the pollen
data, the SIS prior consistently gives the best performance in
most of the cases, as shown in Table III.

Similarly, for the neuron data, the ADMM without the
SIS assumption achieves the best performance in most cases.
Moreover, for this dataset, the SIS assumption only provides
the best PSNR for minimum noise levels (α0 = 8). Visual
results related to these simulations are shown in the supple-
mental material. Furthermore, the following section shows that
our methods also exhibit satisfactory results for real noisy
acquisition conditions.

Ablation Study. To evaluate the robustness of our algorithm,
we evaluated the PSNR achieved with our ADMM methods
when varying each hyper-parameter in Algorithm 1 indepen-
dently, while the rest of the parameters were kept fixed using
the values shown in Table V. As mentioned previously, these
hyper-parameters were found manually. We use the Pollen
dataset in these experiments. Note that the last column in
Table V shows the PSNR achieved by the corresponding
configuration.

TABLE V
ADMM HYPER-PARAMETERS.

α ρ+ ρx, ρy ρz λ PSNR
(No SIS) 2× 10−6 1.21 1000 100 5× 10−4 27.22

(SIS) 2.5× 10−6 1.21 2000 0 5× 10−4 27.70

We tested the 6 parameters of our algorithm: learning
rate α, importance of derivatives {ρx, ρy, ρz}, non-negativity

importance ρ+ and the threshold λ for soft-thresholding. Note
that we fixed ρx and ρy to be the same.

In our experiments, we found that the maximum PSNR
achieved by the ADMM with the SIS prior is always larger
than the maximum PSNR achieved by the ADMM without
the SIS prior, as shown in Table IV. These results coincide
with the results in Table II. Furthermore, the PSNR shows no
significant variations when the hyperparameters are modified
within the ranges in Table IV. We also note that, the non-
negativity importance ρ+ and the learning rate α have a greater
impact on the reconstruction.

B. Real Data

In this section, we evaluate the proposed approaches using
real light field data. The experimental settings we use for
the ADMM algorithms are the same as those in the previ-
ous section. The size of the real input light field image is
2033 × 2033 pixels. From this single image, we reconstruct
a volume of size 1712 × 1712 × 96 voxels covering a depth
range −15µm < z < 15µm.

The light field image is captured from the same 50-µm-
thick mouse brain slice of the previous section. We show the
light field image in Figure 9 (a). We also capture the corre-
sponding volume with the microscope in wide-field modality
by scanning it along the z-axis without the microlens array.
This wide-field image stack provides an approximation of
the target volume we aim to reconstruct. The in-focus plane,
together with two axial slices, are shown in Figure 9 (a).
Furthermore, different lateral slices corresponding to seven
depths are shown in Figure 9 (b). Notice that the non-ideal
optical system and the specimen type cause increased noise
in the images. To avoid noise amplification, the number of
iterations used for reconstruction must be chosen properly. As
proposed in previous works [5], [18], [15], a typical empirical
number of iterations used for ISRA is between 8 and 10. We
fixed this value to 10 for ISRA, and keep 24 iterations for our
ADMM methods.

We compare the conventional method ISRA with the
ADMM methods with and without SIS prior. In this case,
we only present visual results since there is no ground truth
available. As shown in Figure 9, both ADMM methods give
a better reconstruction performance than ISRA in terms of
artifacts reduction. In particular, these artifacts are strongly
present at z = 0 µm, but also at other slices close to the
in-focus plane, such as z = 3 µm and z = −3 µm. In
general, comparable performance is achieved for depths far
from z = 0 µm, but artifacts near the native object plane are
clearly removed when using the proposed ADMM methods.
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Fig. 9. Reconstruction using real light field data from a brain slice (50 µm thick) imaged from an EGFP tagged triple transgenic mouse line. In part (a),
from left to right, we show the original light field image; then, for comparison, we show a wide-field image taken without the microlens array; finally, the
reconstruction using ISRA, our ADMM without and with the SIS assumption. We show the in-focus plane and two xz and yz slices below and to the left of
each lateral slice, respectively. In part (b), we show additional slices for different depths. All the distances are measured in µm. The settings used to capture
both the light field image, and the wide-field image are specified in Section VI.

For the second experiment, we use a light field image
captured from acute mouse brain slices expressing the calcium
indicator NIR-GECO2G [29], [30]. Furthermore, the size of
the input light field is 1881 × 1881 pixels. From this single
image, we reconstruct a volume of size 1584 × 1584 × 96
voxels covering a depth range −30µm < z < 30µm.

Figure 10 (a) shows the light field image and the corre-
sponding wide-field image stack (in-focus plane with two axial
slices) captured from the same volume. Furthermore, different
lateral slices corresponding to seven depths of the captured
volume are shown in Figure 10 (b). In this case, we find
similar results as in the previous example. We observe that
both ADMM methods behave similarly but remarkably remove
artifacts near the native object plane, specifically at depths
z = −2 µm, z = 0 µm and z = 2 µm. ISRA instead produces
strong square-like artifacts in these planes.

Finally, we show how our method adapts to different types
of data by performing reconstruction using the light field data

provided in [22]. For this experiment, part of the previous
microscope settings is modified. According to [22], the wave-
length is set to 488 nm, the numerical aperture is 0.5, the
magnification is 22.5, the microlens focal length is 3125 µm,
and the tube lens focal length is 0.3 m. From a single light
field of size 931×931 pixels, we reconstruct a volume of size
752×752×96 in the range −50µm < z < 50µm. The image
corresponds to a group of beads, as shown in Figure 11 (a).
Furthermore, in this case, a high-quality image stack of the
volume obtained using selective plane illumination microscopy
(SPIM) is available. Additionally, the reconstruction obtained
using the deep network hylfm-net from [22] is also available.

The results obtained using light field data from [22] are con-
sistent with our previous conclusions. Figure 11 (a) and 11 (b),
show that ISRA produces square-like artifacts near the native
object plane while both ADMM methods do not introduce
noticeable artifacts. In addition, this figure show that the
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Fig. 10. Reconstruction using real light field data from acute mouse brain slices expressing the calcium indicator NIR-GECO2G [29], [30]. In part (a) from
left to right, we show the original light field image, a wide-field image taken with the microscope, the reconstruction using ISRA, and our ADMM without
and with the SIS assumption. We show the in-focus plane and two xz and yz slices below and to the left of each lateral slice, respectively. In part (b), we
show additional slices for different depths. All the distances are measured in µm. The settings used to capture both the light field image, and the wide-field
image are specified in Section VI

TABLE VI
PERFORMANCE OF LEARNING METHODS ON SYNTHETIC DATA.

PSNR SSIM
Pollen

VCDNet 22.76 0.49
hyLFMNet 22.84 0.57

Neurons
VCDNet 23.03 0.23

hyLFMNet 22.54 0.10

hyLFM-net can reconstruct sharp beads that are visually
similar to the SPIM images because SPIM volumes were used
as labels in the training stage. However, when the trained
hyLFM-net [22] and VCDNet [20] were tested on synthetic
light field images of pollens and neurons (shown in Figure 8),
the performance of both networks degraded dramatically, as
shown by the poor PSNR and SSIM scores shown in Table VI.
Even though both learning approaches can perform well if

tested with similar data as used in the training stage [22], [20],
producing thousands of labelled data pairs for each type of
sample is challenging and even unfeasible under many realistic
conditions. Furthermore, in our scenario, a network trained
on synthetic data will not perform well on real data without
proper modelling of the background noise and light scattering,
as opposed to [20]. This highlights the relevance of model-
based methods in scenarios like those discussed in this paper.

Deep-Learning prior. In this section, we perform additional
experiments using a self-supervised learning technique that
aims to solve problems related to the lack of data for training.

Specifically, we use a deep-learning prior for reconstruc-
tion [31]. In Section V, we proposed to use a customized
ADMM algorithm to perform volume reconstruction. How-
ever, ADMM is a general tool that can also be used to
impose a deep prior. Therefore, another approach to solve the
LFM problem is to replace the proposed SIS prior with a
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Fig. 11. Reconstruction using real light field data from beads taken from [22]. In part (a), from left to right, we show the original light field image, a SPIM
image, the reconstruction using the HyLFM-Net[22], the reconstruction using ISRA, and finally, our ADMM without and with the SIS assumption. We show
the in-focus plane and two xz and yz slices below and to the left of each lateral slice, respectively. In part (b), we show additional lateral slices for different
depths. All the distances are measured in µm. The settings used to capture the light field image are specified in Section VI according to [22].

deep-learning prior and use the ADMM algorithm for recon-
struction, as proposed in [32] for medical image restoration.
Thus, in this method, we aim to solve the inverse problem
by assuming that the reconstructed volume is the output of
a neural network with input z. Furthermore, an additional
isotropic total variation prior is imposed as follows:

min
θ

∥Hδfθ(z)− g∥22 + ∥t∥2,
s.t. Dfθ(z) = t,

(24)

where fθ(z) is a neural network with learnable parameters
θ, z is a fixed random vector and D is the discrete gradient
operator. To solve this problem we use ADMM, as proposed
in [32]. The following sub-problems must be solved for each
iteration k:

θk+1 ∈ argmin
θ

1

2
∥Hδfθ(z)− g∥22+

+
β

2
∥Dfθ(z)− tk +

λk

β
∥22,

(25)

tk+1 = argmin
t

∥t∥22+

+
β

2
∥t− (Dfθk+1(z) +

λk

β
)∥22,

(26)

λk+1 = λk + β(Dfθk+1(z)− tk), (27)

where Equation (25) is solved inexactly by applying a
prefixed number of iterations of a gradient-based method using
Adam optimizer. Equation (26) is solved directly since it is



15

30 mG
ro

u
n

d
-T

ru
th

L
ig

h
t 

F
ie

ld

PSNR:56.62

O
u

tp
u

t

L
ig

h
t 

F
ie

ld

G
ro

u
n

d
 T

ru
th

30 m

A
D

M
M

(D
e

e
p

 p
ri
o

r)

30 m

G
ro

u
n
d
 T

ru
th

30 m

z=-13

A
D

M
M

(D
e
e
p
 P

ri
o
r)

z=-9 z=-2 z=0 z=2 z=9

PSNR:23.57

SSIM:0.231

z=14

Fig. 12. Reconstruction using ADMM with deep prior. Top, we show the in-focus plane, one xz, and one yz slice of the ground truth volume, the reconstruction
using ADMM with deep prior. All distances are measured in µm. Furthermore, below, we show additional slices for different depths. The shown PSNR and
SSIM correspond to the whole volume. We use the Lilium Longiflorum Pollen [25] dataset. The light field images were created synthetically from the 3D
volumes.

a least-square minimization, and the last equation (Eq. (27))
simply updates the dual variable λ.

The deep-learning-prior approach is evaluated using the
pollen dataset described in the previous section. For this
experiment, z is a random vector sampled from a uniform
distribution. The structure of the network fθ(·) is a 2D-
UNet, as proposed in previous works [21], [20] for supervised
learning for LFM.

In Figure 12, we show the results after solving Equa-
tion (24) iteratively. The recovered volume has limited quality
(PSNR=23.47) and suffers from reconstruction artifacts at
different depths, for instance, at z = −2 and z = 9. These
artifacts are not the classic square-like artifacts close to the
native object plane; they appear to be due to the structure
of the network used. However, part of the volume structure
is recovered at specific depths, for instance, at z = −9 and
z = −13. As shown in the supplemental material, in the same
conditions our model-based ADMM achieves PSNR 31.32.
Furthermore, note in Figure 12 that the light field image re-
synthesised from the reconstruction is almost identical to the
input light field image (PSNR=56.62) since the problem is
highly ill-posed. Hence, the proposed priors and settings are
not enough to avoid obtaining undesired solutions for this
particular experiment.

In addition, we would like to emphasize that this approach is
highly demanding in terms of computation since one artificial
neural network must be “trained” for each reconstruction.
Specifically, to obtain the result shown in Figure 12, we
fixed the number of inner iterations to 100, and we ran
1000 iterations for the outer loop [32]. As mentioned in the
introduction, LFM usually seeks to reconstruct volume time
series. Therefore, reconstruction approaches for LFM should
take computational complexity into account. In our approach,
we successfully achieved a balance between complexity and
reconstruction performance.

VII. CONCLUSION

We have proposed a novel discretization method that uses
more diverse sampling densities and shift-invariant subspaces
to sample the impulse response of the light field system. In
an ideal scenario, perfect reconstruction can be achieved by
using the pseudoinverse; however, this depends on the proper
selection of the template functions and shifts defining the
shift-invariant subspace. Moreover, we propose to model the
system using filter banks. This model leads to a method that
accelerates the computation of the forward model by using
SVD.

Finally, we propose a new 3D reconstruction algorithm for
light field microscopy with improved PSNR and SSIM, fewer
artifacts, and faster speed (lower computational complexity)
than conventional methods. This is achieved by incorporating
additional priors and using a specific algorithm based on
ADMM. The improvement in computational time is due to
the exploitation of the underlying low-rank property of the
measurement matrix by either using a specific SVD or assum-
ing that the reconstructed volume lies in a SIS. Numerical
results on both synthetic and real data also demonstrate that
our approach consistently outperforms conventional volume
reconstruction approaches.
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