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Abstract—Light Field Microscopy (LFM) is an imaging tech-
nique that offers the opportunity to study fast dynamics in
biological systems due to its 3D imaging speed and is particularly
attractive for functional neuroimaging. Traditional model-based
approaches employed in microscopy for reconstructing 3D images
from light-field data are affected by reconstruction artifacts
and are computationally demanding. This work introduces a
deep neural network for LFM to image neuronal activity under
adverse conditions: limited training data, background noise,
and scattering mammalian brain tissue. The architecture of the
network is obtained by unfolding the ISTA algorithm and is
based on the observation that neurons in the tissue are sparse.
Our approach is also based on a novel modelling of the imaging
system that uses a linear convolutional neural network to fit
the physics of the acquisition process. We train the network
in a semi-supervised manner based on an adversarial training
framework. The small labelled dataset required for training is
acquired from a single sample via two-photon microscopy, a
point-scanning 3D imaging technique that achieves high spatial
resolution and deep tissue penetration but at a lower speed than
LFM. We introduce physics knowledge of the system in the design
of the network architecture and during training to complete
our semi-supervised approach. We experimentally show that in
the proposed scenario, our method performs better than typical
deep learning and model-based reconstruction strategies for
imaging neuronal activity in mammalian brain tissue via LFM,
considering reconstruction quality, generalization to functional
imaging, and reconstruction speed.

Index Terms—Light Field Microscopy, deep learning, model-
based learning, deconvolution.

I. INTRODUCTION

STUDYING the rapid dynamics of hundreds of neurons
in brain tissue poses a challenge for conventional mi-

croscopy imaging methods. Typical optical techniques struggle
to achieve simultaneous 3D imaging of multiple neurons since
they focus on a single plane or point in space. Furthermore,
brain tissue scatters light, which increases the difficulty of
capturing high-quality images of neurons.

Two-photon (2P) microscopy is an appealing modality
for performing 3D imaging in brain tissue. Two-photon
microscopy uses near-infrared illumination, which provides
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deeper tissue penetration and reduced scattering. Furthermore,
it restricts excitation to a small volume, mitigating photo-
bleaching and providing optical sectioning [2]. As explained
in [2], 2P and onwards microscopy has already enabled
imaging of neurons in scattering brain tissue. However, the
point-scanning acquisition used in 2P microscopy limits the
imaging speed and has largely restricted its use to planar
recordings

On the other hand, light field microscopy (LFM) is a method
to image 3D volumes with a 2D camera sensor in a single
snapshot. LFM is a fast, non-scanning imaging modality with
a volumetric acquisition rate limited only by the camera frame
rate, indicator brightness, and required signal-to-noise ratio.
This performance is achieved by placing a microlens array
(MLA) between the tube lens and the camera sensor of a stan-
dard microscope, allowing for the acquisition of both angular
and spatial information from the light simultaneously [3].

In LFM, a 3D image is reconstructed from a 2D light
field (LF) image using computational reconstruction methods.
However, using a single sensor array to capture 3D information
limits the reconstruction quality due to the inherent trade-
off between spatial and angular resolution [4], [5]. Therefore,
recovering a high-quality 3D volume from a single 2D LF im-
age is usually challenging. Furthermore, conventional model-
based reconstruction methods for LFM require high compu-
tational time. The computation of the forward model and
back projection (transpose) usually involves a large amount
of computation due to the high number of views (hundreds)
in the LF data, the lateral upscaling factor of the 3D volume,
and the lack of shift-invariance in the system. Although new
model-based approaches have recently emerged to address
these issues [6], [7], [5], [8], the computational time required
for these approaches still conflicts with the primary goal of
LFM, which is to reconstruct 3D volume time series.

Reconstruction methods based on deep learning are poten-
tial candidates to solve typical problems in LFM [9], [10],
[11]. However, current learning-based approaches are tested in
controlled environments that are difficult to achieve in many
realistic situations. For instance, when studying neuronal activ-
ity in mammalian brain tissue, the sample is highly scattering,
non-transparent and contains high background noise, which
makes training artificial neural networks (ANN) challenging.
On the other hand, model-based optimization approaches
have shown to be more robust in these adverse experimental
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Fig. 1: Overview of our approach.In part (a), we show the experimental setup used for training. We acquire a two-photon 3D
image (80 depths), along with the focal stack of LF images for a single brain sample, tagged with the TdTomato fluorophore.
This data shows the anatomy of the network of neurons without any temporal activity, called structural imaging. We reconstruct
53 depths from each LF, spanning a range of 104 µm. Since the two-photon stack contains 80 depths over a depth range
of 158 µm, we acquire (28 = 80 − 53 + 1) LF at different depths, producing a labelled dataset of size 28. In addition, we
collect unlabelled LF images from brain samples tagged with the jGCaMP8f protein that encodes calcium responses, an indirect
measurement of electrical brain activity known as functional imaging. For training, we use three jGCaMP8f sequences of 80
frames from three different samples, and input structural and functional LF into the network at different times. The network
is designed based on the unfolding of the ISTA algorithm. We use a training loss that exploits the forward model regularized
with an adversarial loss. Testing is performed on structural LF stacks or functional LF sequences, and we produce one volume
per frame. Neuronal activity is extracted from these volumes, as illustrated in part (b) of our approach

conditions [12], [13].
This work proposes a novel multimodal imaging approach

leveraging the respective strengths of 2P microscopy and LFM.
We label neurons in the mouse brain tissue using two types
of fluorescent proteins: tdTomato and jGCaMP8f. TdTomato
captures the static neuron distribution in space, disregarding
its activity. On the other hand, the jGCaMP8f is an indicator
of calcium concentration which indirectly measures electrical,
and therefore functional, activity in the brain. In our setting, we
capture the distribution of the neurons in a 400-µm-thick brain
slice labelled with the tdTomato protein at high resolution
using 2P microscopy. Similarly, the LF microscope captures
the corresponding LF images for different focal depths. This
approach gives us a labelled dataset. In addition, multiple LF
temporal sequences are captured from different brain samples
using jGCaMP8f protein. In this case, the ground truth data
is unavailable since scanning-based techniques are not fast
enough to capture the temporal activity of multiple neurons
revealed by the jGCaMP8f in 3D space. Thus, the small
labelled dataset and a fraction of the LF temporal sequences
are used to train our network in a semi-supervised manner, as
shown in Figure 1. After training, our network can reconstruct
volume time series from LF sequences with high accuracy
and speed, despite the fact that the temporal LF sequences
are obtained with the jGCaMP8f protein, for which we do not
have a labelled dataset for training.

We achieve these results by introducing a deep neural
network whose architecture is driven by a proper modelling of
the forward model and the fact that labelled neurons in tissue
are sparse. We leverage the sparsity assumption to design the
architecture by unfolding the ISTA algorithm. Deep unfolding
has been successfully applied to other modalities such as

compressive sensing, image superresolution [14], [15], [16],
and microscopy modalities such as ultrasound localization
microscopy [17], super-resolution microscopy [18] or 3D
deconvolution for microscopy [19]. Our reconstruction method
introduces a deep unfolding approach for LFM that exploits
the physics of the system in the design of the architecture
and in the computation of a LF loss during training, which is
regularized with an adversarial loss. Overall, this approach
allows us to exploit the best of two optical techniques to
achieve the accurate and fast reconstruction of volume time
series of neuronal activity in mammalian brain tissue.

II. PREVIOUS WORK

LF imaging has found many interesting applications due
to its unique capability of recording the direction of arrival
and the location of the light rays. It has been explored for
post-capture refocus, change of point of view, change of focal
length, and for robot navigation [20]. Levoy et al. proposed
extending LF imaging to microscopy by adapting the Plenoptic
1.0 configuration used for cameras to microscopes [3]. This
application is particularly interesting because it allows for cap-
turing volume time series at the camera frame rate, enabling
the study of microscopic biological systems, such as networks
of neurons in brain tissue.

LFM is a technique that relies on computational approaches
to perform the reconstruction of 3D images. Reconstruction
techniques in LFM differ from those in photography, in
that they must consider wave-optics for an accurate sys-
tem description, whereas the ray-optics model is enough
in photography. The first computational approach proposed
for reconstruction was presented by Levoy et al. in their
pioneering work on LFM [3]. Levoy et al. algorithm performs



3

digital refocusing to obtain a raw focal stack that is then
sharpened by a 3D deconvolution process. Later, Broxton et
al. [4] proposed an improvement in the reconstruction by
computing the measurement matrix of the system to state a
linear inverse problem that is solved using the Richardson-
Lucy (RL) algorithm. Currently, many conventional model-
based reconstruction strategies rely on similar approaches [21],
[22][6][7].

Novel model-based methods have also emerged recently.
One method that alleviates reconstruction artifacts and is
faster than conventional RL strategies is proposed in [5]. This
approach exploits the low-rank nature of the measurement
matrix and uses the Alternating Direction Method of Multi-
pliers (ADMM) to impose additional priors for reconstruction.
Moreover, alternative model-based approaches exist that only
focus on recovering point-like sources, as proposed in [8].

Apart from model-based methods, various approaches that
exploit deep learning for reconstruction have been proposed
recently. In [9], Wang, et al. describe the first approach that
uses an end-to-end convolutional neural network (CNN) for
reconstruction. The VCD-Net network is a 2D U-Net trained
using synthetic LF data and 3D images obtained with confocal
microscopy as labels. The VCD-Net is tested on real LF
data by imaging neuron activity in C. elegans and blood
flow in the heart of zebrafish larvae. Later, a technique that
uses a mixed reconstruction approach was proposed by Li
et al. in [23]. The network named deepLFM is designed to
enhance the reconstruction obtained after a few RL iterations
on LF images. DeepLFM is a 3D U-Net trained and tested
using labels obtained by 3D imaging K562 cells with confo-
cal fluorescence microscopy. Then, Page et al. proposed 3D
reconstruction from LF images using a network based on a 2D
U-net named LFMNet [10]. LFMNet is trained on real LF data
and 3D stacks obtained via confocal microscopy. The training
data is obtained after imaging brain slices with fluorescently
labelled blood vessels. Finally, a convolutional neural network
(CNN) named HyLFM that can be retrained to refine the 3D
reconstruction with the aid of an additional selective-plane
illumination microscopy (SPIM) image has been proposed
in [11]. HyLFM is trained on real LF images and SPIM stacks
as labels. HyLFM is specifically tested to image medaka heart
dynamics and zebrafish neuronal activity.

Works exploring deep-learning methods for LFM show
that these techniques are faster and perform better than clas-
sic iterative approaches if they are evaluated in controlled
scenarios. For instance, they need huge training datasets,
low background noise, non-scattering media, or transparent
samples. In contrast, model-based approaches are more robust
than learning methods and helpful in adverse conditions, as
shown in works studying mammalian brain tissue [12], [13].
Thus, we propose fusing appealing features from model-based
and learning-based methods. We design an artificial neural
network following the physics of the system. The network is
trained in a semi-supervised manner by using an adversarial
regularizer and exploiting the knowledge of the forward model.
Our method achieves high-speed reconstruction after training,
and it is robust when imaging scattering samples since it also
relies on the knowledge of the forward model as in model-
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Fig. 2: Block diagram of a Plenoptic 1.0 LF system. A MLA
is placed at the Native Image Plane (NIP) of a standard
microscope and the sensor is placed at the focal plane of the
MLA. A LF microscope maps a 3D image x into a 2D LF
y. The upsampling factor s and the one-dimensional number
of pixels under each microlens N define the measurement
matrix of the system. The optical conjugate plane of the NIP
is referred to as the Native Object Plane (NOP).

based approaches.

III. PROBLEM FORMULATION

A LF microscope can be described as a linear opera-
tor [4], [5]. For any input x(p), the intensity y(x) observed
(before discretization) at the image sensor can be described
with a superposition integral as follows:

y(x) =

∫
h(x,p)x(p)dp, (1)

where the function h(x,p) is the impulse response of the
system at any location x ∈ R2 for a point source located
at p = (xp, yp, zp) ∈ R3. The precise computation of the
impulse response is explained in the supplemental material. A
LF microscope differs from standard microscopy due to the
MLA placed between the tube lens and the camera sensor
(see Figure 2). The MLA makes the impulse response of the
system depth dependent. This property allows LFM to map a
3D input to a single 2D image. Furthermore, the MLA also
makes the impulse response h(x,p) periodic in the lateral
dimensions (xp, yp), which implies that the system is periodic-
shift invariant in these dimensions [5]. After discretization, a
monochromatic LF microscope can be represented in matrix
form as follows:

y = Hx, (2)

where matrix H ∈ Rm×n maps a vectorized volumetric input
x ∈ Rn into a LF image y ∈ Rm. The number n of voxels
of the volume is usually much larger than the number m of
pixels of the LF image [10] [9] [11]. In our experiments, we
set m ≈ 4× 106 and n ≈ 5× 106. In general, the size of H
depends on the input and output sampling intervals, which are
commonly chosen to be T/s and T/N , respectively (assuming
unit lens magnification for simplicity). The constant T is the
microlens pitch, s is an arbitrarily chosen upsampling factor,
and N is the number of pixels under each microlens (per lateral
axis). See Figure 2 for clarification.

If one shifts the input of the system laterally by T , the output
is shifted by N pixels, as shown in Figure 3 (a). This behaviour
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Fig. 3: Filter bank representation of the LF forward model.
When the input of the system is shifted laterally by a multiple
of T , the output is also shifted by T , as shown in (a). If the
input is shifted along the z-axis, the output shows different
patterns per depth, as shown in (b). Thus, the output of a LF
microscope y can be described as the summation of the output
of a group of filter banks. A slicing operator Si chooses the
respective i-th depth of the 3D volume, which is the input
of the i-th filter bank that outputs a LF image yi, as in
(c). As shown in (d), each filter bank has s × s branches, a
downsampling factor of s and an upsampling factor of N for
both lateral dimensions, where s was chosen arbitrary when
computing the measurement matrix H, and N × N is the
number of pixels under each microlens.

only occurs for shifts which are multiple of T . Therefore, for
a fixed depth, the forward model is periodically-shift invariant
and, therefore, can be modelled by using a filter bank [5], as in
Figure 3 (d). Furthermore, the impulse response is unique for
each depth, which is the property that allows for localization
of sources at different depths, as shown in Figure 3 (b). Thus,
to describe the entire system, a different filter bank is required
for each depth, as depicted in Figure 3(c). The input volume
first undergoes slicing by operator Si, which selects depth
z = i for i = 1, 2, .., D, where D is the number of depths.
Then, each slice serves as input to the corresponding filter
bank; i.e., for each z = i, the i -th filter bank outputs a LF

image yi. The final output of the microscope y is the sum
of all yi. It should be noted that the structure of each filter
bank is related to the measurement matrix of the system. If
there are N ×N pixels under each microlens and the volume
sampling interval for both lateral dimensions is T/s, then the
filter bank structure has s × s branches. The downsampling
factor is s, and the upsampling factor is N , as demonstrated
in Figure3 (d). According to [5], the input and output filters of
each branch can be obtained from the measurement matrix H.
It is important to note that the convolutions and filters are two-
dimensional, and the downsampling factor s and upsampling
factor N refer to both lateral dimensions.

In this work, we propose a reconstruction method to address
the inverse problem derived from Equation (2) in light field
microscopy (LFM). The conventional approach for recon-
structing a 3D volume x from a single LF image y involves
time-consuming RL-like algorithms. However, the study of
the spatial and temporal behavior of neurons in brain tissue
necessitates fast 3D reconstruction from LF sequences. While
model-based reconstruction, as demonstrated in [7] and [5],
has shown significant improvements in performance and speed,
learning-based methods have the potential to achieve even
better reconstruction quality and faster speed when trained
appropriately in controlled scenarios.

IV. FORWARD MODEL AS A LINEAR CNN

In this section, we propose a novel description of the
LF system using convolutional layers. This description is
fundamental for the derivation and implementation of our
reconstruction method. We convert the filter-bank model to
a linear Convolutional Neural Network (CNN) and propose
architectures to perform the forward model computation effi-
ciently.

A. 4D representation of the LF

The LF is conventionally represented as a 4D function in
photography-related applications. Specifically, the 2D image
captured with a LF camera is reordered into a 4D array that
is a sampled version of the continuous LF function [24].
Two dimensions of the array represent horizontal and vertical
spatial coordinates, while the other two represent horizontal
and vertical spatial frequencies. The 4D LF can be interpreted
as a collection of sub-aperture images or views, which are 2D
images obtained when the spatial frequencies are fixed [24].
See Figure 4 (a) for clarification. In microscopy, the idea of
capturing a 4D LF is still valid if the array is interpreted as
a sampled version of a 4D Wigner distribution function, a
generalization of the concept of LF that considers the effects
of diffraction [25].

B. Linear CNN

The representation of the LF as a group of views has a
convenient property. Unlike the 2D LF image, each view is
not an abstract pattern. Instead, it preserves the structure of
the original scene since it only carries spatial information.
Furthermore, this multi-view representation is attractive for
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Fig. 4: Linear forward model. In (a), we show how a 2D LF
can be transformed into a 4D or 3D representation. In the
4D representation, two coordinates represent space, and the
other two represent spatial frequencies. The 3D representation
consists of a set of N×N sub-aperture images, where N×N
is the number of pixels under each microlens. In (b), we show
the image formation of a 3D LF using filter banks. In this
model, the upsampling blocks have been removed, and a group
of N×N filters representing the view dimension has replaced
the synthesis filters. In (c), we illustrate the representation of
the LFM system as a forward CNN f(·). The architecture
shown in (b) is a particular case of the CNN f(·). The notation
Conv2D(·, ·, ·, ·, ·) represents a 2D convolutional layer with
the following parameters ordered as follows: number of input
channels, number of output channels, height and width of the
filter, and stride. If the stride is omitted, it means unit stride.

3D reconstruction in LFM since it is more suitable to fit
conventional CNN architectures, as also proposed in [26].

Since the 4D LF can be obtained by just rearranging pixels
of the 2D LF, the filterbank description of the LF system
described in Section III can be adjusted to explain the forma-
tion of a group of sub-aperture images. Specifically, reordering
the synthesis filter of each branch allows simple computation
of the sub-aperture images, as shown in Figure 4 (b). Note
that this new representation follows the basic structure of
the original filter bank in Figure 3 (a). However, there is no
upsampling block since the original synthesis filter bank is
replaced by a group of N × N filters that leads to multiple
outputs forming a set of views or sub-aperture images.

The multiple-view filterbank description of the system can
be conveniently implemented using convolutional layers. The
LF system can be written as a feed forward network with 2D
convolutional layers without bias terms, where the first layer
has a stride given by the downsampling factor s and the second
layer has a unit stride. We represent the CNN by f(·) and call
it forward CNN (see Figure 4 (c) for clarification). Since the
forward CNN is derived from the filter bank representation,
the parameters of f(·) are related to the parameters of the
microscope and the physics of the system: the number N ×N
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Fig. 5: Simplified forward model. We show three different
linear CNNs that transform a 3D input image x with D depths
into a LF image y with N × N views. Here, N × N is the
number of pixels under each microlens. In all cases, the input x
is first reshaped, as shown in (a). The model in Figure 4 (c) can
always be converted into the single convolutional layer shown
in (b). In (c), we approximate the single convolutional layer by
a sequence of convolutional layers with filters of smaller size
l. Lastly, in (d), the first layer h(·), named compressed forward
CNN, outputs V channels, and the second layer recovers the
N ×N views with filters of size f .

of output channels is related to the number of pixels under each
microlens, the number of input channels D is the number of
depths, the filter size L1 is equal to the downsampling factor s
or stride [5], the filter size L2 is instead given by the support
of the PSF, specifically, if the support of the PSF related to the
largest depth is M , then L2 = M/N . Finally, the parameter F
is related to the upsampling factor. If F is set to s×s, it meets
the theoretical model exactly, while if it is set to a smaller
value, it performs an approximation, as explained in [5]. Note
that in [5], the filter size L1 is equal to s to allow finding the
filters of the filter bank using SVD. In the model shown in
Figure 4 (c), this constraint is optional since the weights can
be found with any typical optimization package used in deep
learning instead of SVD.

C. Dimensionality reduction

To overcome the memory and computational-complexity
constraints, it is essential to develop efficient implementations
of the forward CNN. In the previous section, we employed
two convolutional layers to map the forward model to the filter
banks. However, it is possible to explore other architectures
that simplify the implementation. First, we reshape the 3D
input x to obtain the new input xr, which has D × s × s
channels, as depicted in Figure 5 (a). Then, instead of using
two convolutional layers as in Figure 4 (c), we can replace
them with a single convolutional layer, as shown in Figure 5
(b). Moreover, we propose two different simplifications of the
architecture based on two observations:

(a) Convolutional layers with large filters can usually be
well-approximated by a sequence of convolutional layers with
smaller filters [27], [28], [29]. Therefore, it is realistic to
describe the original system with a series of convolutional
layers, as shown in Figure 5 (c). We ensure this architecture
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uses fewer parameters than the single convolution and also
ensure that the size of the equivalent filter is the same as the
original one by choosing the filter size l and the number of
channels c accordingly. Note that the weights of the network
can be learned from the theoretical matrix H. In our work,
we use this architecture when we need to apply the forward
CNN f(·) to a given input volume.

(b) The number of channel outputs in the system greatly
impacts the number of parameters. For instance, in our setting
N × N = 19 × 19. Therefore, we can reduce the number
of views to a smaller value V to reduce computational com-
plexity. Then, to restore the original number of views back to
N ×N , we can add a linear convolutional layer, as shown in
Figure 5 (d). Since the sub-aperture images are usually highly
correlated, it is feasible to perform this linear approximation
without significantly impairing the accuracy of the model.
Note that the input convolutional layer in Figure 5 (d) is
named h(·). This layer is named compressed forward CNN
and is connected to our reconstruction approach.

In the sequel, we use f(·) to compute the forward model,
while the compressed forward CNN h(·) is used in the
reconstruction network. This will be clarified in the following
section.

Model 1
(l = 3, D = 53, s = 3, N×N = 19×19)

Parameters MSE (×10−6)
c = 320, nl = 8 0.19
c = 361, nl = 8 0.14
c = 400, nl = 6 1.54
c = 400, nl = 8 0.12
c = 400, nl = 10 0.13

Model 2
(L2 = 17, D = 53, s = 3, N×N = 19×19)

Parameters MSE (×10−6)
V = 51 , f = 1 25.14
V = 51 , f = 5 4.49
V = 51 , f = 7 3.69
V = 100, f = 1 6.57
V = 200, f = 1 0.01

TABLE I: Numerical evaluation of forward-model approxima-
tions.

D. Experimental evaluation of the forward-model approxima-
tions.

In this section, we experimentally evaluate the performance
of the CNN architectures modelling the system. Notice that
the architecture proposed in Figure 4 (c) is derived from a
rearrangement of the original filter bank proposed in [5]. This
structure allows reproducing the forward system exactly or
approximating it by adjusting the number of channels D×F .
Its weights can be directly found using SVD, as explained
in [5]. Furthermore, the architecture mentioned in Figure 5 (b)
is a rearrangement of the original forward model architecture,
which does not allow approximating the system. The weights
can be found directly by rearranging the original impulse
response. Therefore, we only evaluate the performance of the
architectures referred to as ’model 1’ and ’model 2,’ shown in
Figure 5(c) and Figure5 (d), respectively.

For these experiments, we describe the system with an
impulse response array of size 323×323×3×3×53, computed
from the theoretical model. The array is non-negative and
scaled to the range of 0 to 1. The first two dimensions
correspond to the lateral coordinates of the impulse response,
while the following 3 dimensions represent the lateral and
axial dimensions of the impulse. The 3D input has 53 depths,
while the lateral size can vary due to the periodic shift-
invariance of the system with a period of 3. To find the weights
of models 1 and 2, we minimize the mean square error between
the impulse response array of the CNN architecture and the
theoretical model. We use an optimization framework with
Adam optimizer, batch size=2, learning rate=10−5, and 3000
epochs for training.

We experimentally study the impact of the different param-
eters on the approximation performance. For this experiment,
we evaluated different parameters listed in Table I. In model
1, the approximation improves as the number of channels c
increases, while reducing the number of layers is detrimental.
This behaviour is expected since the theoretical filter size is
17 (323/19), which is achieved after 8 layers in ‘model 1’.
However, we also found that increasing the number of layers
beyond 8 does not necessarily improves the performance,
as shown in Table I. In ‘model 2’, increasing the number
of channels V and filter size f improves the approximation
performance, as shown in Table I. Note that for this model,
f = 1 and V = 360 will reproduce exactly the forward model.
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Visual inspection of the approximated impulse response shows
little difference between approximation methods, as depicted
in Figure 6. Note in Table I that the proposed architectures
allow approximating the measurement matrix with a very low
mean square error (MSE).

V. 3D RECONSTRUCTION

In this section, we design a CNN that considers the physics
of the system to perform the reconstruction. The architecture
of our network is constructed using the unfolding technique
[14] and is obtained by unrolling sparsity-driven algorithms
for reconstruction. Furthermore, our network is trained in a
semi-supervised manner to alleviate the lack of data which is
a typical issue for applications in neuroscience.

A. CNN architecture

Large distributions of labelled neurons can be modelled as
compact cell bodies sparsely distributed in brain tissue [30].
Therefore, to reconstruct high-quality 3D volumes, we can
consider the following optimization approach that promotes
sparsity in the reconstruction:

argmin
x

∥Hx− y∥22 + λ∥x∥1, (3)

where y is a given LF image, x is the reconstructed
volume and the scalar λ controls the degree of regularization.
This problem can be solved using the Iterative Shrinkage-
Thresholding Algorithm (ISTA) [31] by computing at each
iteration:

xk+1 = Tλ(xk −HTHxk +HTy), (4)

where Tλ is the soft-thresholding operator with parameter λ.
One can interpret each iteration of ISTA as a layer of a neural
network with fixed weights. Therefore, it is possible to design
a neural network architecture based on ISTA. LISTA [14] (the
learned version of ISTA) is a neural network built such that
each layer corresponds to one iteration of ISTA. Effectively,
each layer of LISTA implements the following step:

xk+1 = Tλ(xk −HT
1H2x

k +H3
Ty), (5)

where H1,H2 and H3 are matrices of same size and
structure as H. These matrices are the parameters of the
network that can be learned using a proper loss function.
Note that, contrary to [14], we do not fuse the product HT

1H2

into a single matrix since we want to keep the structure of
each factor. This version of LISTA uses the soft-thresholding
as the element-wise non-linearity due to the l1 constraint in
Equation (3). However, ISTA can be used with different types
of non-linearities related to the prior imposed, as explained in
[32]. For instance, replacing Tλ by a rectified linear unit (Relu)
imposes non-negativity, and replacing it with a ReLU with a
bias term imposes sparsity and non-negativity. This follows by
computing the following proximal operator related to the L1
norm and the non-negativity constraint:

min
x

1
2∥x− v∥22 + λ∥x∥1,

s.t. x ≥ 0.
(6)

LISTA
Layer 1

+

𝜆଴
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r 2
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Fig. 7: CNN architecture. Our reconstruction network g(·) is
composed of (1) a compression layer c(·), which is a linear
convolutional layer and (2) a LISTA network. The architecture
of LISTA is based on the assumption that reconstructed
3D data is non-negative and sparse. The LISTA network is
composed of K layers. The architecture of each block is
detailed in the bottom left of the figure.

It is possible to show that the x that minimizes this optimiza-
tion is given by:

x∗ =

{
0 if v ≤ λ
v − λ if v > λ

, (7)

which is equivalent to x∗ = ReLU(v − λ).
In our case, x is sparse and non-negative. Therefore, we

propose a LISTA network that uses a ReLU with a bias term
as non-linearity:

xk+1 = ReLU(xk −HT
1

k
Hk

2x
k +HT

3

k
y − λk), (8)

where λk is a learnable parameter that can be optimized with
the rest of the network weights. Furthermore, the custom
{Hk

i }3i=1 for each unfolded iteration k gives the network more
capabilities without compromising its simplicity.

In many practical cases in LFM, the described LISTA
network cannot be used directly to solve the volume re-
construction problem. The size and structure of the matrix
H make it computationally prohibitive to perform matrix
multiplications repeatedly. Therefore, we propose using the
compressed forward CNN h(·) proposed in Section IV-B to
reduce the computational complexity. The final architecture of
our network is, therefore, described as follows:

xk+1 = ReLU(xk − hT
1

k
(hk

2(x
k)) + hT

3

k
(c(y))− λk), (9)

where we have replaced matrices Hk
i in Equation (8) with the

linear mappings {hk
i }3i=1. The computation of the mapping

{hk
i }3i=1 is given by the compressed forward CNN explained

in Section IV-B. Note that the structure of the adjoint operators
(transpose) {hT

i }3i=1 in Equation (9) can be computed from
the permutation of the weights of h(·). Furthermore, the input
of the network is c(y) rather than y. The mapping c(·) is
defined as a single linear convolutional layer with N × N
input channels and V output channels. By having V output
channels, c(·) is compatible with the input size of the operators
{hT

i }3i=1. We highlight that the coefficients of the compression
layer c(·) are learned together with LISTA. The end-to-end
network g(·; θ), where θ represents the learnable parameters
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Fig. 8: Adversarial training. In (a), we show how the LISTA
network g(·) is trained. A first content loss measured on
structural data is first computed using a small labelled dataset
captured with two-photon microscopy. A second content loss
is computed only on LF data showing functional information
(tagged with jGCaMP8f), where we exploit the knowledge
of the forward model f(·). Finally, an adversarial loss is
computed from a critic D(·). In (b), we show the architecture
of the critic D(·).

of the network, is shown in Figure 7. To provide additional
simplification, the layers hT

3
k acting directly on the LF y are

replaced by a series of convolutional layers, the filter sizes of
all the layers are set to 3. Moreover, the number of layers of
hT
3
k increases with k to save extra computational complexity,

as specified in Figure 7.

B. CNN training

We learn the parameters θ of our LISTA network g(·; θ)
using a suitable loss function and a combination of labelled
and unlabelled datasets. In our scenario, a labelled dataset
consists of LF images and their corresponding 2P volumes.
Capturing a large labelled dataset can be impractical or
prohibitively expensive for many applications in LFM. For
instance, when studying the behavior of neurons in mammalian
tissue, capturing a clean 3D label is challenging due to the
scattering media Additionally, relying solely on synthetic data
for training can be problematic if noise is not accurately
modelled.

In our setting, we propose acquiring a very small labelled
training dataset. We label neurons in a single brain sample
using tdTomato fluorophore. Using tdTomato, we are able to
capture the static distribution of the neurons in space using
both 2P and LF modalities. The 2P raster scanning modality
provides the ground truth volume that can be paired with the
LF images acquired with the same fluorophore. Therefore, to
train our network, we exploit the small labelled dataset, the
large amount of unpaired LF images, and our knowledge of
the forward model. The training loss is stated as follows:

α1
1

M

M∑

i=1

Lc1(x
i, x̂i)+α2

1

K

K∑

j=1

Lc2(y
j , ŷj)+α3Ladv(g(y

j)),

(10)

where xi is the 2P 3D image, x̂i is the network recon-
struction, yi is a LF image, M is the number of 3D samples,
K is the number of LF samples and ŷi = f(g(yi)), where
f(·) is the known forward CNN. The weight for each loss
is controlled by scalars α1, α2, and α3. Note that operator
f(·) is fixed since it is already known and is based on the
model [4]. The loss Lc1(·) is the 2P content loss computed
on the labelled dataset. The loss Lc2(·) is the LF content
loss, which ensures that the re-synthesized LF computed from
the recovered volume is similar to the original LF image.
The adversarial loss Ladv(·) makes the recovered volume
appear realistic. This loss is computed from a trainable critic
D(·), which functions as a regularizer. We consider this
loss as a dynamic regularizer that is updated simultaneously
with the reconstruction network during training. Only Lc1(·)
requires a labelled dataset, while Lc2(·) and Ladv(·) use LF
images and unpaired 2P data, respectively. The loss function
in Equation (10) was first proposed as a supervised-learning
technique for single image super-resolution [33]. Additionally,
learning regularizers to solve standard inverse problems using
stochastic gradient descent has been studied in [34]. However,
we note that our approach is a semi-supervised technique
compared to [33]. Furthermore, the critic, or regularizer, is
not pre-trained, unlike in [34].

The loss Lc1(·) is computed on a small labelled dataset.
The LF stack showing structural information (tagged with
tdTomato) has a corresponding 3D label captured with the
microscope in 2P modality (we collect 28 labelled pairs in
our setup). Note that the labelled dataset is small due to
the demanding experimental requirements for acquisition. The
second dataset is formed by only LF data, which shows
functional information (tagged with jGCaMP8f). This dataset
can be much larger since it does not require 2P acquisition
(240 LF images in our experiments). The losses Lc2(·) and
Ladv(·) are computed only on the unlabelled dataset, as
indicated by the different summation index in Equation (10).
During training, each LF data is input to the network at
different times, and the corresponding loss is computed. In
our work, the adversarial regularizer is learned simultaneously
with the reconstruction network by using the well-known
adversarial framework for least squares GANs (LSGANs) [35],
as depicted in Figure 8 (a). In the next section, we explicitly
define the training loss and the architecture of the critic used
for the experiments.

VI. EXPERIMENTS AND RESULTS

In this section, we show the performance of our approach
by imaging mouse brain tissue with both LF and 2P modalities
(see supplemental material). We compare the performance of
our method with state-of-the-art model-based and learning-
based methods for 3D reconstruction in LFM.

A. Experimental setup

The LF microscope is modelled as follows: numerical
aperture = 1, refractive index = 1.33, wavelength = 514 nm
for jGCaMP8f and 580 nm for tdTomato fluorophore, mag-
nification = 25, microlens pitch =125 µm, microlens focal
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Fig. 9: Reconstruction using real LF data from acute mouse brain slices expressing tdTomato fluorophore. This fluorophore
allows the study of the morphology or anatomy of the network of neurons, known as structural imaging. For this type of data,
we acquired a small labelled dataset for training using 2P microscopy. In part (a), from top to bottom we show the 2P 3D
image used as ground truth, the reconstruction using two model-based approaches: ISRA and ADMM, the LFMNet proposed
in [10], and our approach. We show a series of 2D slices, each labelled with its corresponding depth. This reconstruction
corresponds to the performance shown in the first row in Table II. In part (b), the same methods are evaluated for a LF image
focused on a deeper depth, corresponding to the row 28 in Table II. The shown PSNR and SSIM are measured for the whole
plane at each depth. Measures on the whole volume are shown in Table II. All the distances are measured in µm. The settings
used to capture both the LF image and 2P image are specified in Section VI.
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Part A
PSNR / SSIM / MSE (×10−2) / ENL / EPI

Depth VCDNet HyLFM LFMNet OursIndex
1 30.84 / 0.65 / 0.08 / 0.97 / 0.22 31.48 / 0.67 / 0.07 / 0.99 / 0.25 31.02 / 0.64 / 0.08 / 0.98 / 0.26 34.19 / 0.82 / 0.04 / 0.99 / 0.27
2 32.09 / 0.72 / 0.06 / 0.97 / 0.23 32.04 / 0.70 / 0.06 / 0.98 / 0.27 30.98 / 0.64 / 0.08 / 0.98 / 0.27 34.34 / 0.82 / 0.04 / 0.98 / 0.30
3 31.09 / 0.66 / 0.08 / 0.97 / 0.24 31.89 / 0.68 / 0.06 / 0.99 / 0.26 30.53 / 0.62 / 0.09 / 0.98 / 0.27 33.88 / 0.79 / 0.04 / 0.98 / 0.29
4 29.99 / 0.62 / 0.10 / 0.97 / 0.24 32.89 / 0.74 / 0.05 / 0.98 / 0.26 29.98 / 0.60 / 0.10 / 0.98 / 0.28 33.20 / 0.75 / 0.05 / 0.98 / 0.29
5 29.82 / 0.61 / 0.10 / 0.97 / 0.24 32.67 / 0.73 / 0.05 / 0.98 / 0.26 29.64 / 0.60 / 0.11 / 0.98 / 0.28 33.18 / 0.75 / 0.05 / 0.98 / 0.29
6 28.79 / 0.57 / 0.13 / 0.97 / 0.24 33.00 / 0.75 / 0.05 / 0.98 / 0.26 29.95 / 0.60 / 0.10 / 0.98 / 0.28 32.99 / 0.74 / 0.05 / 0.98 / 0.29
7 28.94 / 0.57 / 0.13 / 0.97 / 0.24 31.68 / 0.68 / 0.07 / 0.98 / 0.26 31.18 / 0.65 / 0.08 / 0.98 / 0.28 33.33 / 0.76 / 0.05 / 0.98 / 0.29
8 29.35 / 0.59 / 0.12 / 0.97 / 0.24 29.97 / 0.61 / 0.10 / 0.98 / 0.26 31.57 / 0.67 / 0.07 / 0.98 / 0.28 33.62 / 0.78 / 0.04 / 0.98 / 0.30
9 29.69 / 0.61 / 0.11 / 0.97 / 0.23 30.09 / 0.62 / 0.10 / 0.98 / 0.27 32.41 / 0.71 / 0.06 / 0.98 / 0.27 33.84 / 0.80 / 0.04 / 0.98 / 0.29

10 29.77 / 0.61 / 0.11 / 0.97 / 0.23 30.22 / 0.62 / 0.09 / 0.98 / 0.27 31.16 / 0.65 / 0.08 / 0.98 / 0.27 33.38 / 0.77 / 0.05 / 0.98 / 0.28
11 31.12 / 0.68 / 0.08 / 0.96 / 0.23 30.27 / 0.62 / 0.09 / 0.98 / 0.27 30.94 / 0.65 / 0.08 / 0.98 / 0.27 33.29 / 0.77 / 0.05 / 0.98 / 0.29
12 30.24 / 0.63 / 0.09 / 0.97 / 0.23 29.38 / 0.58 / 0.12 / 0.98 / 0.27 29.03 / 0.56 / 0.13 / 0.98 / 0.27 32.65 / 0.73 / 0.05 / 0.99 / 0.28
13 30.03 / 0.63 / 0.10 / 0.97 / 0.23 29.79 / 0.60 / 0.10 / 0.98 / 0.28 31.36 / 0.67 / 0.07 / 0.98 / 0.26 32.25 / 0.72 / 0.06 / 0.98 / 0.27
14 29.80 / 0.61 / 0.10 / 0.97 / 0.24 29.96 / 0.60 / 0.10 / 0.99 / 0.28 30.17 / 0.61 / 0.10 / 0.98 / 0.28 31.77 / 0.68 / 0.07 / 0.99 / 0.30
15 29.51 / 0.60 / 0.11 / 0.97 / 0.25 29.26 / 0.57 / 0.12 / 0.99 / 0.28 29.11 / 0.57 / 0.12 / 0.98 / 0.29 31.48 / 0.67 / 0.07 / 0.99 / 0.30
16 29.19 / 0.58 / 0.12 / 0.97 / 0.25 28.13 / 0.52 / 0.15 / 0.99 / 0.28 28.39 / 0.53 / 0.14 / 0.98 / 0.29 31.10 / 0.65 / 0.08 / 0.99 / 0.31
17 28.20 / 0.53 / 0.15 / 0.98 / 0.25 27.12 / 0.48 / 0.19 / 0.99 / 0.28 28.54 / 0.54 / 0.14 / 0.98 / 0.30 30.69 / 0.63 / 0.09 / 0.99 / 0.30
18 29.76 / 0.60 / 0.11 / 0.98 / 0.26 26.94 / 0.48 / 0.20 / 0.99 / 0.27 28.75 / 0.55 / 0.13 / 0.98 / 0.29 31.54 / 0.67 / 0.07 / 0.99 / 0.31
19 25.93 / 0.44 / 0.26 / 0.98 / 0.24 26.09 / 0.44 / 0.25 / 0.99 / 0.27 27.28 / 0.49 / 0.19 / 0.98 / 0.28 28.89 / 0.56 / 0.13 / 0.99 / 0.29
20 27.54 / 0.50 / 0.18 / 0.98 / 0.25 27.45 / 0.49 / 0.18 / 0.99 / 0.26 27.85 / 0.51 / 0.16 / 0.98 / 0.29 31.53 / 0.66 / 0.07 / 0.99 / 0.30
21 25.86 / 0.43 / 0.26 / 0.98 / 0.25 27.00 / 0.47 / 0.20 / 0.99 / 0.26 27.31 / 0.49 / 0.19 / 0.98 / 0.28 30.08 / 0.60 / 0.10 / 0.99 / 0.28
22 26.74 / 0.47 / 0.21 / 0.98 / 0.26 26.86 / 0.47 / 0.21 / 0.99 / 0.26 27.89 / 0.51 / 0.16 / 0.98 / 0.29 31.42 / 0.66 / 0.07 / 0.99 / 0.29
23 25.80 / 0.43 / 0.26 / 0.98 / 0.26 26.15 / 0.44 / 0.24 / 0.99 / 0.26 28.32 / 0.52 / 0.15 / 0.98 / 0.27 30.00 / 0.60 / 0.10 / 0.99 / 0.29
24 25.36 / 0.42 / 0.29 / 0.98 / 0.26 26.42 / 0.45 / 0.23 / 0.99 / 0.27 27.74 / 0.50 / 0.17 / 0.98 / 0.28 30.31 / 0.61 / 0.09 / 0.99 / 0.30
25 26.28 / 0.45 / 0.24 / 0.98 / 0.26 26.02 / 0.43 / 0.25 / 0.99 / 0.27 27.92 / 0.51 / 0.16 / 0.98 / 0.28 30.54 / 0.62 / 0.09 / 0.99 / 0.30
26 27.35 / 0.49 / 0.18 / 0.98 / 0.26 25.47 / 0.41 / 0.28 / 0.99 / 0.27 27.88 / 0.50 / 0.16 / 0.98 / 0.27 28.99 / 0.56 / 0.13 / 0.99 / 0.30
27 27.80 / 0.50 / 0.17 / 0.98 / 0.26 24.58 / 0.38 / 0.35 / 0.99 / 0.27 26.70 / 0.45 / 0.21 / 0.99 / 0.28 30.66 / 0.62 / 0.09 / 0.99 / 0.31
28 26.26 / 0.44 / 0.24 / 0.99 / 0.27 25.05 / 0.39 / 0.31 / 0.99 / 0.27 27.16 / 0.47 / 0.19 / 0.99 / 0.28 31.06 / 0.63 / 0.08 / 0.99 / 0.30

Mean 28.68 / 0.56 / 0.15 / 0.97 / 0.24 28.85 / 0.56 / 0.15 / 0.99 / 0.27 29.31 / 0.57 / 0.12 / 0.98 / 0.28 31.94 / 0.69 / 0.07 / 0.99 / 0.29

Part B
PSNR / SSIM / MSE (×10−2) / ENL / EPI

Depth ISRA ISRA TV ISRA AF ADMMIndex
1 28.78 / 0.61 / 0.13 / 0.99 / 0.20 28.17 / 0.59 / 0.15 / 0.99 / 0.20 21.50 / 0.34 / 0.71 / 0.99 / 0.20 29.55 / 0.62 / 0.11 / 0.86 / 0.12
2 28.84 / 0.60 / 0.13 / 0.99 / 0.20 28.16 / 0.58 / 0.15 / 0.99 / 0.20 20.90 / 0.32 / 0.81 / 1.00 / 0.20 30.16 / 0.68 / 0.10 / 0.93 / 0.13
3 27.32 / 0.55 / 0.19 / 0.99 / 0.20 26.69 / 0.53 / 0.21 / 0.99 / 0.20 19.62 / 0.28 / 1.09 / 0.99 / 0.20 28.87 / 0.61 / 0.13 / 0.88 / 0.12
4 26.22 / 0.50 / 0.24 / 0.99 / 0.20 25.55 / 0.48 / 0.28 / 0.99 / 0.20 19.03 / 0.27 / 1.25 / 1.00 / 0.20 28.54 / 0.63 / 0.14 / 0.92 / 0.13
5 24.95 / 0.46 / 0.32 / 0.99 / 0.19 24.22 / 0.44 / 0.38 / 0.99 / 0.19 18.30 / 0.25 / 1.48 / 1.00 / 0.20 27.54 / 0.59 / 0.18 / 0.92 / 0.13
6 25.37 / 0.48 / 0.29 / 0.99 / 0.19 24.12 / 0.43 / 0.39 / 0.99 / 0.19 18.25 / 0.25 / 1.50 / 1.00 / 0.20 26.67 / 0.57 / 0.22 / 0.91 / 0.13
7 26.36 / 0.51 / 0.23 / 0.99 / 0.19 25.32 / 0.48 / 0.29 / 0.99 / 0.19 19.55 / 0.29 / 1.11 / 1.00 / 0.20 27.56 / 0.58 / 0.18 / 0.90 / 0.12
8 26.58 / 0.53 / 0.22 / 0.99 / 0.19 25.53 / 0.49 / 0.28 / 0.99 / 0.19 19.87 / 0.30 / 1.03 / 1.00 / 0.20 27.90 / 0.58 / 0.16 / 0.90 / 0.13
9 26.08 / 0.51 / 0.25 / 0.99 / 0.20 25.04 / 0.47 / 0.31 / 0.99 / 0.19 19.79 / 0.29 / 1.05 / 1.00 / 0.20 28.07 / 0.60 / 0.16 / 0.91 / 0.13

10 25.14 / 0.48 / 0.31 / 0.99 / 0.20 24.51 / 0.46 / 0.35 / 0.99 / 0.20 19.06 / 0.28 / 1.24 / 1.00 / 0.21 27.47 / 0.56 / 0.18 / 0.89 / 0.12
11 25.49 / 0.49 / 0.28 / 0.99 / 0.21 24.82 / 0.47 / 0.33 / 0.99 / 0.21 18.71 / 0.27 / 1.35 / 1.00 / 0.21 27.70 / 0.60 / 0.17 / 0.92 / 0.14
12 24.95 / 0.47 / 0.32 / 0.99 / 0.21 24.01 / 0.44 / 0.40 / 0.99 / 0.21 19.95 / 0.30 / 1.01 / 1.00 / 0.21 26.77 / 0.55 / 0.21 / 0.90 / 0.13
13 25.06 / 0.48 / 0.31 / 0.99 / 0.21 24.30 / 0.45 / 0.37 / 0.99 / 0.21 20.83 / 0.33 / 0.83 / 1.00 / 0.21 26.43 / 0.55 / 0.23 / 0.89 / 0.13
14 25.08 / 0.47 / 0.31 / 0.99 / 0.22 24.31 / 0.45 / 0.37 / 0.99 / 0.22 21.14 / 0.34 / 0.77 / 1.00 / 0.23 27.65 / 0.59 / 0.17 / 0.93 / 0.15
15 25.41 / 0.48 / 0.29 / 0.99 / 0.23 24.65 / 0.46 / 0.34 / 0.99 / 0.23 21.01 / 0.34 / 0.79 / 1.00 / 0.23 27.68 / 0.60 / 0.17 / 0.92 / 0.14
16 24.88 / 0.47 / 0.32 / 0.99 / 0.23 24.13 / 0.44 / 0.39 / 0.99 / 0.23 20.63 / 0.33 / 0.87 / 1.00 / 0.23 27.48 / 0.58 / 0.18 / 0.91 / 0.14
17 24.50 / 0.45 / 0.35 / 0.99 / 0.24 23.98 / 0.44 / 0.40 / 0.99 / 0.23 20.23 / 0.32 / 0.95 / 1.00 / 0.23 27.11 / 0.56 / 0.19 / 0.91 / 0.13
18 23.91 / 0.43 / 0.41 / 0.99 / 0.24 23.37 / 0.42 / 0.46 / 0.99 / 0.24 20.02 / 0.31 / 0.99 / 1.00 / 0.24 26.71 / 0.55 / 0.21 / 0.92 / 0.16
19 22.63 / 0.39 / 0.55 / 0.99 / 0.24 22.06 / 0.37 / 0.62 / 0.99 / 0.24 19.20 / 0.29 / 1.20 / 1.00 / 0.23 25.42 / 0.50 / 0.29 / 0.90 / 0.13
20 22.28 / 0.38 / 0.59 / 0.99 / 0.24 21.52 / 0.35 / 0.70 / 0.99 / 0.24 18.73 / 0.27 / 1.34 / 1.00 / 0.24 25.03 / 0.49 / 0.31 / 0.92 / 0.15
21 20.80 / 0.33 / 0.83 / 0.99 / 0.24 20.06 / 0.31 / 0.99 / 0.99 / 0.24 17.62 / 0.25 / 1.73 / 1.00 / 0.23 23.57 / 0.45 / 0.44 / 0.90 / 0.13
22 21.19 / 0.34 / 0.76 / 0.99 / 0.25 19.99 / 0.31 / 1.00 / 1.00 / 0.25 17.19 / 0.23 / 1.91 / 1.00 / 0.25 23.06 / 0.45 / 0.49 / 0.92 / 0.16
23 21.60 / 0.35 / 0.69 / 0.99 / 0.25 20.49 / 0.32 / 0.89 / 1.00 / 0.25 16.55 / 0.22 / 2.21 / 1.00 / 0.25 23.37 / 0.44 / 0.46 / 0.91 / 0.15
24 21.43 / 0.35 / 0.72 / 0.99 / 0.26 20.49 / 0.32 / 0.89 / 1.00 / 0.26 16.46 / 0.22 / 2.26 / 1.00 / 0.26 23.51 / 0.44 / 0.45 / 0.93 / 0.17
25 20.21 / 0.31 / 0.95 / 0.99 / 0.27 19.59 / 0.29 / 1.10 / 1.00 / 0.27 15.95 / 0.20 / 2.54 / 1.00 / 0.27 23.32 / 0.47 / 0.47 / 0.92 / 0.16
26 20.46 / 0.32 / 0.90 / 0.99 / 0.27 19.75 / 0.30 / 1.06 / 1.00 / 0.26 15.16 / 0.19 / 3.05 / 1.00 / 0.26 23.19 / 0.46 / 0.48 / 0.92 / 0.15
27 19.80 / 0.30 / 1.05 / 0.99 / 0.26 19.30 / 0.29 / 1.18 / 1.00 / 0.26 14.94 / 0.18 / 3.20 / 1.00 / 0.26 22.62 / 0.43 / 0.55 / 0.92 / 0.16
28 19.30 / 0.28 / 1.17 / 0.99 / 0.27 18.62 / 0.27 / 1.37 / 1.00 / 0.27 14.47 / 0.17 / 3.57 / 1.00 / 0.27 22.09 / 0.42 / 0.62 / 0.93 / 0.17

Mean 24.09 / 0.44 / 0.47 / 0.99 / 0.23 23.31 / 0.42 / 0.56 / 0.99 / 0.22 18.74 / 0.27 / 1.49 / 1.00 / 0.23 26.25 / 0.54 / 0.27 / 0.91 / 0.14

TABLE II: Evaluation of deep-learning (A) and model-based (B) methods for LF imaged using tdTomato fluorophore.
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length = 1250 µm, tube lens focal length = 0.18 m, pixels per
microlens =19× 19.

We compare our method with the following model-based
approaches: ISRA, a variant of RL algorithm [21], ISRA with
total variation (ISRA TV) [22], ISRA with reduced artifacts
(ISRA AF) [7], and ADMM [5]. Furthermore, we evaluate
other learning-based approaches by adapting the LFMNet [10],
HyLFM [11], and VCDNet [9] to work with our specifications
based on the respective code made available online. To train
our network and to evaluate model-based approaches, we use
the conventional theoretical forward model used for recon-
struction proposed by Broxton et al. [4].

We used a 2P microscope to capture the spatial distribution
of a network of neurons in mouse brain slices expressing
tdTomato fluorescent protein. The captured stack consists of 80
planes taken at 2 µm intervals. We generated 28 volumes, each
comprising 53 slices, from this stack. The first volume includes
planes 1 to 53, the second volume includes planes 2 to 54, and
so on. We also captured the corresponding LF stack consisting
of 28 images. Therefore, we obtained a training dataset with
28 pairs of images taken from a single brain slice. To evaluate
our method, we captured another dataset of the same size from
a different brain sample.

In addition, we capture temporal LF sequences from sam-
ples labelled with genetically encoded calcium indicators
(jGCaMP8f). We acquire 4 different temporal sequences with
500 LF images each. We took the first 80 LF images from
3 stacks for training. This additional training dataset only
contains LF images without any 2P label. In our experiments,
the 2P data is acquired only once and is not updated when
evaluating different sample tissues.

Due to the dimensionality of the dataset, data augmentation
is needed to alleviate data over-fitting. Specifically, we perform
data augmentation by using random reflections on the x, y, and
z-axis and axes swapping on the x, y dimension of the volume.
We modify the LF data accordingly as well. Furthermore, we
use patch-based training to reduce memory consumption.

B. CNN settings

To initialize the network, we pre-train it using only the
labelled dataset. For this step, we use only the first content loss
Lc1(·) in Equation (10), which is chosen to be the normalized
mean square error loss as follows:

Lc1(x, x̂) =

∥∥∥∥
x

∥x∥ 2

− x̂

∥x̂∥ 2

∥∥∥∥
2

2

, (11)

where x is the 2P 3D image and x̂ is the 3D image recon-
structed by the network.

Once the network is initialized, all the losses in Equa-
tion (10), including the previous Lc1(·) are considered in the
minimization. The second content loss named Lc2(·) is given
by the following equation:

Lc2(y, ŷ) = ∥yn − ŷn∥22, (12)

where the subscript n represents mean normalization, which
is performed as follows:

yn = y − Ed×d[y], (13)

where the notation Ed×d[·] means that the expected value
is computed for regions of size d × d pixels in the spatial
dimensions. Specifically, each sub-aperture image of the LF
y is divided into a grid of squares of size d × d pixels. The
expected value is then subtracted from each square to obtain
yn. In our experiments, the value d is experimentally chosen to
be 8. Sub-aperture images preserve lateral spatial information
of the input, and they are usually used to visually inspect
if the acquired LF image matches the 3D scene. Therefore,
it is realistic to promote reconstruction details shown in the
sub-aperture images rather than background noise. Losses that
focus on details or edges appear in other modalities such as
learned optics [36] or dehazing [37] by exploiting high-pass
filters. In wavelet theory, a more general approach to extracting
details from a signal is to subtract the projection of the image
over the subspace generated by a scaling function at a given
level. Wavelets allow for analyzing signals in both space and
frequency. In our case, we use 3 levels of the Haar scaling
function. Thus, the loss only considers the horizontal, vertical,
and diagonal details of levels 1, 2, and 3

The adversarial loss in Equation (10), Ladv(·) is determined
by the discriminator D(·). The discriminator tries to assign
different scores to the real 3D data and the reconstruction from
the network g(·). We name Pθ the probabilistic distribution of
real 3D volumes and Pr the distribution of 3D reconstructions
from the network. Then, the adversarial loss is given by:

Ladv(x) = Ex∼Pθ
[(D(x)− a)2], (14)

where a = 1 and the architecture of D(·) is depicted in
Figure 8 (b). The discriminator was designed by following
standard architectures used for 3D GANs [38]. The expected
value E[·] is approximated by computing the mean on a
batch of volumes generated by our network. Finally, the
discriminator is trained by using the loss

Ex∼Pθ
[(D(x)− b)2] + Ex∼Pr

[(D(x)− a)2], (15)

where a = 1, b = −1. As mentioned previously, the first
expected value is computed on the batch of volumes generated
with our network. Similarly, the second expected value is
computed on batches of real data. Intuitively, the discriminator
is trained to assign a 1 if the input has the 2P quality and a
−1 if the input is generated by g(·) and does not have 2P
quality. At the same time, g(·) tries to make D(·) to assign
a 1 by improving the reconstruction quality. This training
procedure is part of a standard technique proposed in [35] to
train LSGANs. For pre-training, we use the Adam optimizer,
batch size=2, number of epochs=400 and learning rate= 10−6.
We keep the same batch size and number of epochs for the
adversarial training. The learned weights are used to initialize
g(·). The learning rate is 2 × 10−7 for g(·) and 4 × 10−7

for the discriminator D(·). The scalars α1, α2, and α3 in
Equation (10) allow us to adjust the importance of each
loss and ensure that all terms are of a similar order. We set
α1 = 2.5 × 103, α2 = 1.5 × 10−3 and α3 = 10−3. For both
2P and LF images, all the pixel values are normalized to lie
between 0 and 255 before training. The maximum value for
normalization is found per stack or sequence to avoid altering
the axial correlation between slices or frames.
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Fig. 10: Reconstruction using real LF data from acute mouse brain slices expressing the calcium indicator jGCaMP8f. The
indicator jGCaMP8f is an indicator of calcium concentration which indirectly measures electrical, and therefore functional,
activity in the brain. For this type of data, only LF images and the knowledge of the forward model was used for training.
No ground-truth dataset is available for this type of data. The labels (a) and (b) indicate two different brain samples. From
top to bottom, we show the 2P 3D image of the static tdTomato fluorophore used as a reference since the ground truth (2P
jGCaMP8f volume) is unavailable. The following images show the reconstruction using ISRA, ADMM, LFMNet [10], and
finally, our approach. For each row, we show a series of 2D slices, each labelled with its corresponding depth. All the distances
are measured in µm. The settings used to capture both the LF image and the 2P 3D image are specified in Section VI.
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Fig. 11: Visual comparison of sub-aperture images. We show 9 different sub-aperture images (views) for 4 different cases: views
from the raw LF data, LF synthesised from ISRA reconstruction, LF synthesised from ADMM method, and LF synthesised
from our approach. Both model-based methods reconstruct noisy regions in the sub-aperture images that do not carry any
meaningful information, which translates into a noisy 3D reconstruction. On the other hand, our approach can accurately
reconstruct every neuron footprint while significantly reducing noise from scattering.

C. Reconstruction of structural 3D images from LF images

In this section, we evaluate the performance of our method
for reconstructing 3D images from a single LF image. We use
unseen samples to measure the reconstruction performance by
measuring the Peak Signal to Noise Ratio (PSNR), Structural
Similarity Index Measure (SSIM), Mean Square Error (MSE),
Equivalent number of looks (ENL) [39] and Edge Preservation
Index [40] (EPI). The neurons in this sample are labelled with
the tdTomato fluorescent fluorophore. Since this fluorophore is
bright every time it is illuminated, these LF images only give
structural information and do not show neuronal activity. As
mentioned previously, we captured 28 LF images for training
and 28 from a different sample for testing. Each LF image
corresponds to a focal depth ranging from 0 to 54µm. From
every LF image, we reconstruct a volume of size 321×321×53
voxels covering a range 533.3 × 533.3 × 104 µm3. The size
of each LF image is 2033× 2033 pixels.

The number of iterations used for model-based reconstruc-
tion must be chosen properly to avoid noise amplification.
As mentioned in previous works [22], [7], [41], a typical
empirical number of iterations used for ISRA is between 8
and 10. We fixed this value to 8 for both ISRA and ADMM.
Noise amplification is not related to the number of layers in
deep-learning methods since the reconstruction mapping is
learned directly from the data. Thus, to choose the number
of unfolded iterations in our network, we just considered the

trade-off between computational burden and network capacity.
We empirically found that 6 unfolded iterations give enough
capacity without affecting the computational load.

Our LISTA network achieves better average performance
than other methods in a focal depth range of 54 µm in
terms of PSNR, SSIM, MSE, ENL and EPI. In Table II, we
show the performance for LF images taken at different focal
depths, taken in steps of 2µm. The depth index in Table II
increases as the depth increases. Note that all methods are
affected by scattering as the depth increases. Even though all
deep-learning methods in Table II A outperform model-based
reconstruction approaches in Table II B, our method achieves
the best average performance in all the shown measures. These
scores are measures on the whole volume. In our experiments,
ADMM show the best average performance among model-
based methods while LFMNet achieved best performance
without considering ours. Since the deep learning methods
are trained with a very small dataset compared to the size
of the dataset used in [10],[11],[9], their performance may
be affected. In contrast, our method is more robust under
this adverse condition. Furthermore, deep-learning methods
are much faster than model-based approaches. Table III shows
the average computational time to reconstruct a volume from a
single LF image. All the methods were evaluated on a GeForce
GTX 1080 Ti.

As shown in Figure 9, our LISTA network achieves better
qualitative reconstruction performance than other methods. In
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Fig. 12: Temporal evolution of neuron activity in mammalian brain tissue expressing the calcium indicator jGCaMP8f. The
labels (a), (b), (c) and (d) indicate different sample tissues. We show several slices containing active neurons, the neuron of
interest is marked in cyan. On top of each slice, we show the temporal evolution. The horizontal axis shows time in seconds,
the vertical axis shows the normalized intensity. The normalization is performed per sample between the selected neurons.
Our method reconstructs 500 frames (500 3D images) in this experiment. The LF imaging rate is 50 Hz. All the distances are
measured in µm. Other additional settings are specified in Section VI.

TABLE III: Computational time.

ISRA ADMM VCDNet HyLFM LFMNet Ours
Time (s) 234.69 237.63 0.022 0.195 0.111 0.026

Figure 9 (a) and (b), we show visual results for two different
depths corresponding to index 1 and 28 in Table II, respec-
tively. ISRA introduces square-like artifacts strongly present
near the in-focus plane, approximately from z = −8 µm to
z = 8 µm in part (a) and from z = 48 µm to z = 64 µm
in (b). The ADMM can effectively remove these artifacts;
however, both ISRA and ADMM are affected by background
noise and scattering. As one goes deeper into the tissue,
the model-based methods are more affected by scattering. It
is notable that learning methods achieve better performance

than model-based approaches and are less affected by noise.
However, our approach is visually closer to the ground truth
and achieves higher PSNR and SSIM than other learning
methods. For instance, see plane z = 48 µm. Also, note in
z = 64 µm that the LFMNet incorrectly reconstructs neurons
from neighbour depths.

D. Reconstruction of volume time series from LF images

In this section, we evaluate our method for reconstructing a
temporal sequences of 3D volumes from temporal sequences
of LF images. The LF sequence captures the activity of
neurons labelled with the jGCaMP8f calcium indicator, which
increases its fluorescence intensity when the neurons fire, at
different times and focused at a fixed focal depth. Since it is
impossible to capture the activity of many neurons in 3D with
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scanning-based techniques, ground truth data is unavailable
in this case. We evaluate our approach on 4 LF sequences
with 500 frames. As mentioned previously, only the first 80
LF images of three sequences were used for training, with no
labels, while the rest of LF images is used for testing.

Our LISTA network performs better than model-based
approaches, while the state-of-the-art neural networks fail
to reconstruct volumes for jGCaMP8f-labelled brain tissues.
In Figure 10, we show the visual performance of ISRA,
ADMM, and our method for reconstruction of one frame of
the sequence (300th frame). We show two different samples
in part (a) and (b). Even though the LFMNet [10] achieved
satisfactory performance in the previous section, it generalizes
poorly to the reconstruction of the temporal sequence due
to the small training dataset. A more specific reason is that
the use of a different fluorophore, the jGCaMP8f, implies
samples with different noise levels and light sources with
different wavelengths than those used for training. Figure 10
suggests that model-based methods are more robust under
these adverse conditions than learning-based approaches, as
mentioned in the introduction. However, model-based methods
are heavily affected by scattering due to the lack of a strong
regularization. In addition, ISRA introduces strong artifacts
near the plane z = 0. In our approach, we exploit the
knowledge of the forward model and the few available labels
to achieve improved reconstruction performance.

Our training loss is designed to avoid amplifying noise from
scattering. In Figure 11, we show the LF images synthesized
from the reconstructed volumes. We display 3×3 views per LF
image from the total 19×19 views. The re-synthesized LF im-
age from ADMM shows that noise is reduced compared to the
ISRA approach since the ADMM method imposes additional
regularizers in the objective function. However, noise in the
tissue region is still significant. Our approach greatly reduces
noise while reconstructing every neuron footprint in the ground
truth LF image. We achieve this performance due to the
adversarial regularizer and the specialized content losses used
for training. We found that the content loss alone Lc1 does
not allow for reconstruction of functional data, even if other
losses such as L1, perceptual or Charbonnier losses are used.
We also evaluate alternative architectures for reconstruction.
See supplemental material for more details.

Our approach provides a new powerful tool to study the
fast temporal evolution of neurons in mammalian brain tis-
sue. In Figure 12, we show the temporal neuronal activity
revealed by the jGCaMP8f. This indicator emits fluorescence
due to changes in intracellular calcium concentration, which
is an indirect measurement of electrical activity. We show
four brain samples in parts (a), (b), (c) and (d). Note how
neurons located at different positions in the 3D space show
different activity. For this experiment, we reconstruct 500 3D
volumes per LF sequence, each with the same size as in
previous experiments. Since the imaging rate is 50 Hz, we
show 10 seconds of neuronal activity. We highlight that this
task is challenging to achieve with other optical modalities.
For instance, multi-photon recording of genetically encoded
calcium indicators is typically performed by scanning planes
at sampling rates below 30 Hz [42]. Although LFM cannot

penetrate as deeply into scattering tissue as multi-photon
imaging, our strategy enables volume acquisition at a fast rate
for imaging mammalian brain tissue with the improved quality
compared to traditional reconstruction approaches for LFM.
In our experiment, the equivalent plane sampling frequency is
53×50 Hz, approximately 88 times faster than the mentioned
multi-photon modality.

VII. CONCLUSION

We have introduced a physics-driven deep learning approach
to reconstruct 3D volumes from LF sequences. The network
architecture is inspired by the fact that labelled neurons in
tissues are sparse, which motivates an architecture based on
unfolding the ISTA algorithm. Additionally, we demonstrate
how the forward model of a LF microscope can be described
using a deep linear convolutional network. Finally, we utilize
an adversarial loss and leverage the theoretical forward model
to train our network with a limited labelled dataset.

We show that our method achieves better quality than
other state-of-the-art methods for reconstructing temporal LF
sequences imaged with the jGCaMP8f indicator. Since other
deep-learning methods require labelled data expressing the
jGCaMP8f for training, they cannot perform this task in our
scenario. Furthermore, our approach showed better perfor-
mance than standard model-based and learning-based methods
in terms of PSNR and SSIM for reconstructing structural
2P volume imaged using the tdTomato fluorophore. Although
LFM cannot penetrate as deeply into scattering tissue as
functional 2P imaging, our 2P-enhanced LFM strategy enables
light-efficient volume acquisition at fast rates, essential to
capturing neuronal dynamics transduced by fast sensors such
as jGCaMP8f [43].

Our work offers a practical method to perform 3D re-
construction for LF microscopy under adverse acquisition
conditions when imaging mammalian brain tissue. We believe
that the proposed method could be helpful beyond this sce-
nario in problems that require high computational cost where
periodically shift-invariant property holds.
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M. Neil, P. L. Dragotti, S. R. Schultz, and A. J. Foust, “Subcellular res-
olution three-dimensional light-field imaging with genetically encoded
voltage indicators,” Neurophotonics, vol. 7, no. 3, p. 035006, 2020.

[13] C. L. Howe, P. Quicke, P. Song, H. V. Verinaz-Jadan, P. L. Dragotti,
and A. J. Foust, “Comparing synthetic refocusing to deconvolution
for the extraction of neuronal calcium transients from light fields,”
Neurophotonics, vol. 9, no. 4, p. 041404, 2022. [Online]. Available:
https://doi.org/10.1117/1.NPh.9.4.041404

[14] K. Gregor and Y. LeCun, “Learning fast approximations of sparse
coding,” in Proceedings of the 27th international conference on inter-
national conference on machine learning, ser. ICML’10. Madison, WI,
USA: Omnipress, 2010, pp. 399–406.

[15] J. Zhang and B. Ghanem, “Ista-net: Interpretable optimization-inspired
deep network for image compressive sensing,” in Proceedings of the
IEEE conference on computer vision and pattern recognition, 2018, pp.
1828–1837.

[16] K. Zhang, L. V. Gool, and R. Timofte, “Deep unfolding network for
image super-resolution,” in Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, 2020, pp. 3217–3226.

[17] R. Wang and W.-N. Lee, “A general deep learning model for ultrasound
localization microscopy,” in 2022 IEEE International Ultrasonics Sym-
posium (IUS). IEEE, 2022, pp. 1–4.

[18] G. Dardikman-Yoffe and Y. C. Eldar, “Learned sparcom: unfolded
deep super-resolution microscopy,” Optics express, vol. 28, no. 19, pp.
27 736–27 763, 2020.

[19] Y. Li, Y. Su, M. Guo, X. Han, J. Liu, H. D. Vishwasrao, X. Li, R. Chris-
tensen, T. Sengupta, M. W. Moyle et al., “Incorporating the image
formation process into deep learning improves network performance,”
Nature Methods, vol. 19, no. 11, pp. 1427–1437, 2022.

[20] I. Ihrke, J. Restrepo, and L. Mignard-Debise, “Principles of light field
imaging: Briefly revisiting 25 years of research,” IEEE Signal Processing
Magazine, vol. 33, no. 5, pp. 59–69, 2016.

[21] M. E. Daube-Witherspoon and G. Muehllehner, “An iterative image
space reconstruction algorthm suitable for volume ect,” IEEE transac-
tions on medical imaging, vol. 5, no. 2, pp. 61–66, 1986.
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