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Abstract:

Single-shot, high-speed 2D optical imaging is essential for studying transient phenomena in
various research fields. Among existing techniques, compressed optical-streaking ultra-high-
speed photography (COSUP) uses a coded aperture and a galvanometer scanner to capture
non-repeatable time-evolving events at the 1.5 million-frame-per-second level. However, the use
of a random coded aperture complicates the reconstruction process and introduces artifacts in
the recovered videos. In contrast, non-multiplexing coded apertures simplify the reconstruction
algorithm, allowing the recovery of longer videos from a snapshot. In this work, we design a
non-multiplexing coded aperture for COSUP by exploiting the properties of congruent sphere
packing (SP), which enables uniform space-time sampling given by the synergy between the
galvanometer linear scanning and the optimal SP encoding patterns. We also develop an implicit
neural representation—which can be self-trained from a single measurement—to not only largely
reduce the training time and eliminate the need for training datasets, but also reconstruct far more
ultra-high-speed frames from a single measurement. The advantages of this proposed encoding
and reconstruction scheme are verified by simulations and experimental results in a COSUP
system.

© 2025 Optical Society of America

1. Introduction

Single-shot ultrafast imaging has represented a groundbreaking approach for capturing ultrafast
dynamic phenomena occurring in two-dimensional (2D) space [1], attracting substantial interest in
physics [2], biology [3], chemistry [4], materials science [5], and engineering [6]. Among existing
approaches, snapshot compressive temporal imaging (SCTI) physically captures a transient scene
in a single measurement followed by computational reconstruction to retrieve high-speed frames.
The optical implantation of compressed sensing (CS) overcomes conventional limitations in
ultrafast optoelectronic devices [1]. It relies on encoding the dynamic scene—with either a single
static coded aperture (CA) or multiple dynamic CAs [7]—during data acquisition. This encoding
operation samples the spatio-temporal scene, which facilitates the reconstruction algorithm to
correctly extract spatiotemporal features of the transient scene. For dynamic encoding, the
imaging speed is limited by the pattern refreshing rate of the deployed spatial light modulator. In
contrast, static encoding circumvents this restriction so that the imaging speed is determined by
the shearing unit.

Over the past decade, SCTI systems based on single static encoders and various temporal
shearing units have witnessed significant advancements [8,9]. Compressed ultrafast spectral
photography (CUSP) [10-13] and its variants have leveraged chirped ultrashort pulses and light



dispersion to achieve imaging speeds of up to 2 56 x 10'* fps. However, due to their reliance on
active illumination, these systems are unable to capture self-luminescent scenes, such as dynamic
scattering, photoluminescence intensity decay, and plasma emission. This limitation can be
addressed through passive detection, where receive-only ultrafast detectors record emitted and/or
scattered photons from the scene. To achieve this, various CUP systems [2, 14, 15] have utilized
streak cameras to passively image dynamic scenes at frame rates ranging from 10'° to 10! fps.
However, streak cameras suffer from electronic jitter, low quantum efficiency, spectral limitations
imposed by the photocathode, and space-charge effects, all of which degrade temporal resolution
and sensitivity. Consequently, a recent research trend has focused on all-optical shearing units
for SCTI. Among existing techniques, compressed optical-streaking ultrahigh-speed photography
(COSUP) [16] employs a galvanometer scanner as a mechanical shearing unit, enabling all-optical
image acquisition at speeds up to 1 5 x 10° fps. Overall, SCTI based on a single static encoder
has demonstrated promising applications, including luminescence lifetime thermometry [17].

So far, in single-mask SCTI, the most commonly used CA is the binary mask with random
Bernoulli distributed entries and a transmittance of nearly 50% [18, 19]. The main challenges
of random binary CAs are the suboptimal performance in reconstruction algorithms, such as
low convergence speed, because of the information loss and their stochastic nature, they induce
artifacts in the recovered video. In contrast, there has been a rapid rise in the use of optimized
binary patterns for SCTI. For example, some approaches exploit genetic algorithms [20], which
is a heuristic method used to optimize multi-objective cost functions. In particular, the genetic
algorithm optimizes the mask entries, although heuristic methods usually obtain local instead
of global minimum. Other approaches design the binary masks by minimizing the Frobenius
norm of the Gram matrix of the column-normalized random and unit matrix, which reduces the
mutual coherence [21]. However, these computations involve enormous matrices that restrict
methods to specific conditions, such as resolution and transmittance. A recent approach exploits
deep learning to optimize a cost function that enhances the mask and the reconstruction for
femto-photography [22]. However, data-driven reconstruction algorithms demand tremendous
amounts of data and specific computational hardware. Furthermore, these efforts stick to the
spatiotemporal multiplexing induced by this type of pattern in the measurement, leading to a
compressive inference problem with an ill-posed inverse problem to reconstruct the frames,
either using traditional iterative algorithms [23] or sophisticated deep-learning reconstruction
techniques [24-27].

Recently, novel design patterns such as the sphere packing coded aperture (SPCA) have been
introduced [28-30]. SPCA leverages sphere packing optimization to design the entries of the CA
by considering the entries of the CA as centers of spheres in the 3D space to maximize the packing
density [28-30]. SP optimization relaxes the inverse problem, accelerating the convergence
of the reconstruction algorithm and reducing the number of reconstructed artifacts [28-30], as
previously shown in the shuffling rolling shutter design that can remove wobble artifacts in the
CMOS sensor [28,29], as well as in the demosaicking of multispectral filter arrays [30]. In the
case of spatiotemporal datacubes, the resulting non-multiplexed SPCA design transmittance will
be inversely proportional to the number of frames. On the other hand, conventional data-driven
retrieval algorithms for SCTI—such as deep-learning approaches [26] —require significant data
to train a model on top of demanding enormous computational resources.

Novel approaches such as neural radiance field (D-NeRF) [31] and 4D Gaussian splatting
(4D-GS) [32] might provide spatio-temporal advantages. However, D-NeRF requires images
of objects under rigid and non-rigid motions from a single camera moving around the scene as
inputs. Moreover, 4D-GS relies on background references and precise camera pose during large
motions to optimize 4D Gaussians. Since in our particular context the COSUP system is static, it
restricts the potential use of D-NeRF and 4D-GS approaches. Contrary to data-driven methods,
novel implicit neural representations (INRs) [33] exploit neural networks that parametrize a



high-dimensional space, usually in a coordinate-based manner. The INR neural network structure
is a multilayer perceptron (MLP) with periodic activation functions enabling the representation
of complex natural signals, reducing the data for training to actual samples while minimizing
the computational burden. Therefore, the INR can be conveniently combined with coordinate
sampling approaches such as SPCA for the efficient reconstruction of under-sampled ultrahigh-
speed space-time datacubes. By using INR, we not only reduce the need for training datasets
beyond the measurements themselves, but we also avoid possible data hallucinations that may
appear in data-driven approaches in severe under-sampled situations [34]. To overcome the
challenges provided by traditional binary mask designs and data-driven dependencies in recovery
algorithms, in this work, we propose a novel approach for SCTI that exploits non-multiplexed
static binary CAs designed using SP, combined with efficient INRs as the reconstruction algorithm.
To the best of our knowledge, this is the first time that such SPCA has been applied to SCTI.
Specifically, the entries of the binary CA designed by solving a sphere packing problem promote
a uniform subsampling of the transient event, exploiting the shearing of the galvanometer in the
COSUP to complete the scan of the scene. Moreover, the proposed INR reconstruction approach
leverages the subsampling of the SPCA—that obtains a non-multiplexed single measurement of
the COSUP, which is the input of the INR—recovering the underlying transient events without
requiring vast volumes of data and using considerably fewer hardware resources.
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Fig. 1. Implicit neural representation (INR) for COSUP temporal imaging reconstruction.
(a) The forward model comprises a non-multiplexed static binary CA that encodes the
incoming temporal frames; the galvanometer shears these encoded frames, and the
resulting measurement is captured in a CMOS sensor. (b) The INR is trained using only
the COSUP single measurement coordinates (G H (), and the output is the intensity
value of the transient event at these coordinates, resulting in an agile reconstruction
approach.

Figure 1 shows our sensing model using SPCA and our novel INR, which is trained using only
a single INR measurement. Specifically, Fig. 1(a) depicts the COSUP forward model, where the
static CA designed using SP promotes the uniform subsampling of the transient event. Then,
the shifting produced by the galvanometer scanner of the COSUP completes the 3D space-time
subsampling of coordinates (G H (). Moreover, Fig. 1(b) shows the INR pipeline used to recover



the transient event from a single COSUP measurement. The 3D coordiGaté#-dEthe single
measurement are the training inputs of the INR. Then, the trained network infers all the missing
values by querying all 3D entries of the transient ev@®— H- T he key advantage of INR

is the fast recovery of the transient events, i.e., since training using only a single measurement
reduces the training and inference time and paves the way for agile applications without additional
training data or time.

2. Forward model

The corresponding discrete model of COSUP is as follows:
01
Y = T X €, e 1)
:=0

HereX 2 ' " # ) isthetensor that represents the 3D datacube, whose spatial resoltitiortis

and the number of frames)s C 2 f0-1g° # denotes the tensor of tfe -CA. The operator
"10:R" # 1 R "#.) Tintroduces a right-horizontal circular shifting ofpixels to a
right-zero-padded version of the compressed measuremensi.e.,-O¥with0 2 R" * #.) 1°),

Y 2R" "#.) T represents the compressed measuremer2.R" * #.) 1° is assumed to

be additive Gaussian noise, although other types of noise, such as Poisson noise, might be
considered.

2.1. Sphere Packing Coded Aperture Design

Fundamentally, the optimal SP density in the 3D Euclidean space is determined by the face-
centered cubic (FCC) lattice, previously known as the Kepler conjecture [35], and is now called
the Hales theorem [36,37]. The FCC is denoted by the lattice »110; 101; 01¥% whose
density isd! 3° = pi:s 0<74, which sets the upper bound in 3D for CAs sampling density by

jointly considering the Hales theorem and the restriction imposed by CA's chessboard structure.
SP considers non-overlapping spheres of an identical size in a cubic container. The volume of the
cubic container depends on the CA's spatial resolution and the number of sub-sampled frames,
assuming that the CA is square and that the number of spheres is equal to the total number of
active entries of the CA.

The SP-based CA is designed for digital micromirror devices (DMDs) one of the most
popularly used encoders in SCTI. In this context, the spatial resolution of the DMD determines
the size of the cubic container, and the number of pixels of DMD is equivalent to the number of
packed spheres. We consider DMDs with square pixels Fig. 2(a) and with diamond pixels [Fig.

2(b)]. The SP density is computed \daK°© = %%, whereAt°:R ) I RK 2R )
is the either square or diamond DMD lattidsis the radius of the sphere amds the number of
packed spheres, such that ) 2.

The calculation of the optimal SP density using the full set of coordinates of the DMD is
a nondeterministic polynomial time problem; to address this issue, we applied the divide and
conquer strategy, which solves a relaxed version by computing the SP of a square kernel instead
of all entries of the DMD. The size of the kernel is a function of the number of frames T that we

aim to encode. Our designed kernel is given by

K = 1UW, VH° mod)©° 1- )

whereW 2 R) ) andH 2 R) ) are vertical and horizontal translation matrices, argiR) )

is an all-ones matrix. Note that the parametdr® and\>0 are positive integers. In order to
obtain the parameters optimaldfandV, we use the algorithm proposed by Diaz et al. [30]. First,
we reorganize the kernel to obtain a set of 3D coordin@ies 1G— H+g_pf 82 fO—eee—+ 1g,



where: :g_pstands for the kernel value at tandHposition, then we compute optimal radius
AK® of the SP by maximizing the minimum distance between all the spheres, i.e. we compute
all pairwise distances of the kernel coordinates

o i 2
AK® = max L gin 1kps pok; 3)

Note thatAlK® is a function of the number of spheres, and its position is in the 3D Euclidean
space. Once the kernel is computed, it is translated along the DMD space:

E=A K- )

whereE 2 R #, A 2 R@ Bwith @= )— andB= ’)*—, and is the Kronecker product. The
resulting optimal SPCA is:

1 ifl= =
U0 ifl< ©)
where< 2 fO—eee—" 1gand=2 fO-e«++—# 1gindex the spatial coordinates. For example,
we set) 2 = 256 pixels for each case, which yields an SP density of 0.31 for the square-pixel
DMDs. For the diamond-pixel DMDs, the density was calculated to be 0.31 by computing the
ratio between the volume of 256 spheres and the volume container of the diamond DMD, which
is equal to that obtained by the square pixel DMD due to its hexagonal packing property. Figures
2(a) and 2(b) depict the kernel K when the number of frames is 16 for the square, and diamond
DMD, respectively. To generate diamond DMD, we displace half of a unit to the left of the
odd rows of the square kernel. The corresponding SP of these kernels are shown in Figs. 2(c)
and 2(d). Since the entries of the diamond DMD are rotations of the square DMD the resulting
density is the same because SP density is invariant to rotation, a comprehensive study of the SP
density for square DMD can be found in [26, 28].
Moreover, Fig. 3(a) depicts the designed CA with a spatial resoluti@b6f 256to capture
31 frames. The uniformity of our approach is demonstrated by summing the number of times
that a CA scans the measurement, Fig. 3(b) shows that each pixel is sampled only once, which
guarantees uniform sampling. In addition, Fig. 3(c) depicts a conventional static random coded
aperture, and Fig. 3(d) shows each pixel is sampled a di erent number of times resulting in a
non-uniform sampling approach. The proposed SPCA is not compressive as CACTI given the
non-overlapping of the spatio-temporal sampling positions achieved when combining the coded
aperture and the shearing induced by the galvanometer, leading to a mutual coherence of zero.
Although this simpli es the reconstruction process, it also means we are giving up on the light
transmission since it is inversely proportional to the number of fraﬁles

2.2. Reconstruction
We start by expanding the measuremérinto the datacube by using the CA such that

Xi0=C Y. L #o— (6)

with : = f0O-eee—) 1g Then, we use an interpolation algorithm that recovers the underlying
datacube via nearest neighbor interpolation (NNI) [38] or INR [33], whose input is the subsampled
X 2 R" # ) and whose output is the reconstructed dataci®2R" # ). Furthermore,
when we use INR to improve the reconstruction quality, these INR models are fully connected
layers, and they are trained using only a single measurement [16].

INR refers to a method of representing continuous signals, such as images, audio, or 3D
shapes, using a neural network. Instead of storing explicit data such as pixel values or point



Fig. 2. Comparison of sphere-packing (SP) ability of two DMD structures. (a)
Arrangement of a (a) square-pixel and (b) diamond-pixel DMD. SP of the (c) square-
pixel and (d) diamond-pixel DMD.

clouds, an INR uses the weights of a neural network to encode the information. The network
takes coordinates as inputs and outputs the corresponding signal value at that location. This
approach allows for e cient and continuous representation of high-dimensional data and can
provide bene ts such as smooth interpolation and compact storage. The forward process of the
neural networks for each intensity is composed of a multilayer perceptron (MLP) as follows:

7. = @6-H-—C @)

where the inputs of the network are the normalized spatial coordi&teé% 1, H=
% 1, and the temporal axig= 2 ;: 110 1, and the outputs are the intensity values of the

datacubeX :g_g..in the given position. The loss function is thenorm,

I>BB= k- g_g_. @1G— HkG- (8)

where- g_g_is computed with real measurements at polts 92,:@ G- H-i€the MLP output
that represents the intensity value of that positionl; is the;; norm.

3. Simulations

To prove the advantage of the proposed approach, we use a set of 10 videos with a spatial
resolutions o256 256and31frames [28]. The randomly permutated CA and our SPCA have a
light transmittance proportional to the number of frarq%s]’o simulate the discrete acquisition



Fig. 3. Uniform sampling promoted by the SPCA design against conventional random
approach. (a) Single SP binary mask. (b) Spatial distribution of the sampled pixels
according to the mask sequence. (c) As (a), but for a random mask. (d) As (b), but for
the random mask in (c).

process, we use Eqg. (1). In Fig. 4, we compare the reconstruction quality of the rotating ceiling
fan video, where a single measurement is shown in Fig. 4(a). The rst, second, third and fourth
rows of Fig. 4(b) depict the ground truth, and the frame reconstruction via the interpolation
algorithm NNI, generalized alternating projection based total variation (GAP-TV) [23], and the
implicit representation INR, of thgst, 6", 11, 16", 21, 26" and 31t frames of a rotating
ceiling fan video. The spatial delity is measured using the peak-signal-to-noise ratio (PSNR)
and structural similarity index (SSIM) [39]. The corresponding PSNR and SSIM of the rotating
fan video are26+22 dB and0+94, respectively, by averaging all the frames. Note that although
the INR's spatial delity is lower, the visual quality is superior. Moreover, the reconstruction
time of GAP is signi cant, 79, 142, and 162 seconds for 16, 25, and 31 frames, respectively.
Our simulation results are summarized in Table 1, and we compared the random permutation
of frames against our SP approach. The results presented in Table 1 use a MLP with 4 hidden
layers, each one with 256 neurons. The initial learning ra@e0805 and the model is trained

on each input video for 1500 iterations. Table 2 introduces the computational time in training
and testing foll 6, 25and31 frames.

Figure 5 displays one of the advantages of using the proposed sphere-packing coded aperture
and random approach with INR reconstruction, which is the exibility of designing the system
for an arbitrary number of reconstructed frames in Visualization 1. We perform simulations
using the scenes of strawberries falling in milk with 32, 64, and 128 frames and, as a recovery
algorithm, an INR of 1500 iterations. Fig. 5(a) depicts the simulated COSUP measurements and
Fig. 5(b) shows the groundtruth and reconstructed frames. To facilitate the comparison of the
spatial delity, we include the PSNR of each frame and note that the PSNR decreases when the
number of frames increases.



Number of frames

Algorithm CA
) =16 ) =25 ) =31
Random CA PSNR (dB) 28.03 26.17 26.19
NN Random CA SSIM 0.85 082 081
SPCA PSNR (dB) 28.83 27.48 25.97
SPCA SSIM 086 084 081
Random CAPSNR (dB) 28.61 26.68 26.58
GAP Random CA SSIM 087 082 081
SPCA PSNR (dB) 29.11 27.81 26.28
SPCA SSIM 0.87 084 081
Random CA PSNR (dB) 26.44 25.30 25.63
INR Random CA SSIM 0.85 0.79 0.80
SPCA PSNR (dB) 26.74 26.25 25.57
SPCA SSIM 085 082 0.78

Table 1. Performance of random permutation CAs against the proposed SPCA method
on the 10 video dataset using the NNI interpolation algorithm and the implicit network

INR, and GAP whergt =" =256and) = 16, 25and31frames.

Fig. 4. Comparison of the simulation reconstructions. (a) Simulated single measurement
using COSUP with SPCA. Groundtruth (top row) and reconstructions using NNI (second
row), GAP (third row), and INR (bottom rowdst, 61, 11t 16M, 215t 26" and31st
frames of the rotating fan, respectively, where each black the number on the bottom is

the PSNR in dB.



Stage/T T=16 (simulation) T=25 (simulation) T=31 (simulation) T=31 (realdata)

Training 6.2s 6.1s 6.1s 1.7s
Testing 100 ms 125ms 130ms 2¢55ms

Table 2. Computational time for training (seconds) and testing (milliseconds) in
simulation and experimental evaluation using as a reconstruction algorithm INR.

Fig. 5. Comparison of image reconstruction between sphere packing and randomly
generated coded apertures using INR for more frames (see Visualization 1). (a) Single
measurements for 32, 64, and 128 frames, on top INR SP, then INR random, and so
forth; (b) The groundtruth (GT) of the strawberries falling in the milk scene and the

reconstruction of seven frames using the SP and random coded and 1500 iterations of
INR.

4. Experimental Results
4.1. Optical Implementation

To demonstrate the SP capability of acquiring and reconstructing transient events, we conducted
experimental validations whose setup is schematically shown in Fig. 6. A system schematic of the
COSUP is shownin Fig. 6(a). Agreen LED (CBT-90-G-L11-CK100, Luminus Devices) was used
asthelightsource. The lightis directed onto a digital mirror device (DMEB < 10-8°< pixel

size, AJD 4500, Ajile Light Industries) at an incident ang# to its surface normal.Ultrahigh-
speed animations, multiplied with the optimized coded aperture designed by the SP approach
(see Fig.3(a)), were loaded onto the DMD and displayed at 10 kHz. The spatially encoded scene
is imaged by a 4f imaging system consisting of two achromatic lenses [Lens 1 (AC508-075-A,



Thorlabs) and Lens 2 (AC127-050-A, Thorlabs)] with a magni cation ratio of 0.66. The
intermediate image, located on the back focal plane of Lens 2, is relayed onto a CMOS camera
(55°<  55°< pixel size, GS3-U3-41C6C, Edmund Optics) by a secbBdystem in which

a galvanometer scanner (GS, QS30X-AG-g30mm, Thorlabs) is placed at its Fourier plane for
temporal shearing. The second 4f system is composed of two achromatic lenses [Lens 3 and
Lens 4 (AC508-075-A, Thorlabs)] Finally, the spatially encoded and temporally sheared scene is
spatiotemporally integrated by the CMOS camera to form a single measurement.

Fig. 6. Optical setup for experimental evaluation of CA design. Bottom-right inset:
System schematic and timing diagram and acquisition sequence, @lietiee exposure
time of the camera.

To test the performance of our approach, we tested two dynamic scenes, hamely propagating
lightning rays and a rotating spinner, both with a frame siZ&l&f 574pixels and one sequence
depth of 31 frames. The measurements are depicted in Fig. 6(b) and (e); the corresponding
selected areas for the zoomed version of the two scenes are shown in Fig. 7(a) and (d). The rst
and second rows of Fig. 6(c) and (f) depict the reconstructions using NNI and INR of the lighting
rays and the rotating spinner, respectively. The implicit representation used to reconstruct the
underlying video was an MLP architecture with two hidden layers of 128 neurons, an initial
learning rate of 0.0001, 800 iterations, and a batch size of 8000. The training time for each real
measurement is 1.7 seconds, and the query time is 2.55 milliseconds. The computation time is
reported in Table 2, running on an RTX 4070 Ti. The reason for the smaller number of layers
in MLP of the experiment INR compared with the setup for the simulations is that the motions
and textures of the real scenes are simpler than those used during the simulation. Although the
interpolation algorithm recovers the motion in both scenes, the algorithm that relies on implicit
representation outperforms the interpolation algorithm because its reconstruction is smoother.

Funding

ANID Fondecyt de Postdoctorado (3230489), Fondecyt de Exploracion (13240119), ANID
Doctorado Nacional (2022- 21221399), ANID Anillos (ATE220022), Natural Sciences and
Engineering Research Council of Canada (RGPIN-2024-05551).



Fig. 7. Experimental results with two dynamic scenes. (a) and (d) measurements of a
ash of lightning rays and a rotating spinner sampled using our optical COSUP setup;
(b) and (e) red squares denoting the selected zoomed versions of the rays and spinner
scenes depicted in (c) and (f), respectively. (c) and (f) denotd"thaoh, 161, 239,

29N frames of the reconstructed lightning rays and rotating spinner scenes using the
interpolation and implicit representation algorithms.
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5. Conclusions

We have introduced a CA design approach that exploits optimal sphere packing for single-mask
SCTI. Our approach can accurately recover a video from a single shot using the implicit neural
representation as the reconstruction algorithm. The combination of the optimal sampling
scheme with the proposed neural representation reduces the computational time for training and
reconstructing the ultrahigh-speed videos. The proposed approach yields image reconstruction
qualities of up ta28-70 dB for PSNR and+92 for SSIM. Furthermore, reconstructions using
experimental data prove the feasibility of this approach for recovering the complex dynamics of
ultrahigh-speed transient scenes, such as rotations and displacements, using both the conventional
interpolation algorithm [38] and the state-of-the-art implicit representation [33], where the
inference time i2¢55 ms, which paves the way for agile applications. In future work, we will
extend this approach to improve the transmittance by designing SP-based CA multiplexing in



