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Abstract
Simulations were performed on a compressed ultrafast imaging system based on
compressed sensing and streak cameras. The original three-dimensional image
I(x-y-t) undergoes encoding modulation via digital micromirror devices (DMD),
and is then transmitted to a streak tube with fully open slit. Under the action
of a deflection electric field, multiple images at different times are superimposed,
and the final integrated image is output on a CCD. The CCD integrated image
is reconstructed into multiple original images I(x-y-t) using a total variation
reconstruction algorithm. The image acquisition process and reconstruction
algorithm of the compressed ultrafast imaging system were simulated, yielding
8 dynamic two-dimensional images of laser propagation in air medium, with
each image having an exposure time of 12.5 ps, and a similarity of 92% between
the reconstructed signal and the original signal.
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Abstract

This paper presents a simulation of a compressed ultrafast imaging system
that integrates compressed sensing with a streak camera. The original three-
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dimensional image I(x-y-t) undergoes encoding and modulation via a digital
micromirror device (DMD) before transmission to a slit-full-open streak image
converter tube. Under the influence of a deflection electric field, multiple im-
ages from different time points superimpose onto each other, producing a final
integrated image on the CCD. A total variation restoration algorithm recon-
structs multiple original images I(x-y-t) from this CCD-integrated image. We
simulate both the image acquisition process and the restoration algorithm of the
compressed ultrafast imaging system, obtaining eight dynamic two-dimensional
images of a laser pulse propagating through air. Each image has an exposure
time of 12.5 ps, and the reconstructed signal achieves a similarity of 92% com-
pared to the original signal.

Keywords: ultrafast diagnosis; streak camera; compressed sensing; temporal
resolution

Introduction
In 1948, American telecommunications engineer H. Nyquist proposed the
Nyquist sampling theorem in signal processing research. At the beginning of
the 21st century, mathematician Terence Tao serendipitously discovered during
image signal restoration research that perfect reconstruction of the original
signal is possible even when the sampling frequency falls below the Nyquist
requirement. This led Tao and colleagues to introduce compressed sensing
theory in 2006. By exploiting the sparsity of signals, this theory enables the
acquisition of discrete samples through random sampling at rates far below
the Nyquist criterion, with subsequent signal reconstruction achieved through
specialized algorithms.

Since its inception, compressed sensing theory has found widespread applica-
tions across information technology, imaging, biology, optics, and computer sci-
ence. Ultrafast imaging is a technique for capturing extremely rapid processes,
enabling real-time observation and recording of dynamic scenes at nanosecond
to femtosecond timescales. Its development originated with the emergence of ul-
trafast laser technology in the 1980s, when advances in high-energy, high-power
lasers motivated researchers to pursue real-time observation of ultrafast dynamic
processes. As laser technology has become increasingly prevalent, the field of
ultrafast imaging has demanded ever-faster and more sensitive detectors.

Streak image converter tubes represent one of the mainstream devices in ultra-
fast imaging, offering picosecond-level temporal resolution and commonly em-
ployed in inertial confinement fusion (ICF) diagnostics. Integrating compressed
sensing technology with streak cameras significantly expands their capabilities,
enabling applications such as femtosecond pulsed laser experiments for studying
electrons in atoms, molecules, and condensed matter; investigations of spin dy-
namics in magnetic materials; and pharmaceutical research on drug absorption,
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distribution, and metabolism kinetics. Compressed ultrafast imaging systems
combining these technologies can play crucial roles in these scenarios.

In 2014, Professor Lihong Wang’s team proposed an efficient compressed ultra-
fast imaging methodology with advanced data acquisition and reconstruction
algorithms that addressed key challenges in observing ultrafast dynamic pro-
cesses. Their approach substantially surpassed conventional ultrafast diagnostic
imaging speeds while delivering excellent image quality, further advancing the
application of compressed ultrafast imaging technology and providing valuable
references for related research. However, current compressed ultrafast imaging
technology still faces challenges, including reconstruction accuracy in complex
or high-noise environments and demands for even faster imaging speeds and
higher temporal resolution. This study addresses these issues by simulating the
working principle of streak cameras, reconstructing signals using restoration al-
gorithms, and comparing the results with original signals. Our findings demon-
strate that the compressed ultrafast imaging system can accurately record the
trajectory of picosecond laser pulses with extremely high temporal resolution.

1.1 Compressed Sensing Theory
In compressed sensing theory, the sampling rate for target signals is substantially
lower than that required by the traditional Nyquist sampling theorem. However,
accurate reconstruction imposes specific conditions: the original signal must
satisfy sparsity requirements. For an N-dimensional original signal x (x � �^N),
it can be represented in a particular transform domain using a sparse basis Ψ (Ψ �
�^(N×N)) with relatively few non-zero coefficients s (while remaining coefficients
are zero or near-zero). This property makes x s-sparse in the transform domain.

[Figure 1: see original paper]

In practice, signals rarely exhibit perfect sparsity. Nevertheless, if a signal is
approximately sparse—meaning most values in a transform domain are near-zero
with only a small number of significant non-zero values—it can be considered
sufficiently sparse to meet the basic conditions for compressed sensing sampling
and reconstruction.

After identifying a sparse domain that renders the signal sparse, we construct
an observation matrix Φ that is incoherent with the sparse basis Ψ. The selec-
tion of Φ is critical, as it controls signal sampling by projecting the target signal
from a high-dimensional space to a low-dimensional space while preserving ef-
fective information and enabling accurate reconstruction through restoration
algorithms.

[Figure 2: see original paper]

To achieve precise reconstruction, the observation matrix Φ must satisfy the
restricted isometry property (RIP) with respect to the sparse basis Ψ. The RIP
requires that every subset of M column vectors extracted from the observation
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matrix forms a non-singular matrix. The product ΦΨ defines the sensing matrix
�:

� = ΦΨ

[Figure 3: see original paper]

The reconstruction problem thus becomes a mathematical model of solving for
s given y and �. Once s is determined, the original signal x can be recovered
through the relationship x = Ψs. The projection from high-dimensional to
low-dimensional space inevitably loses some information, resulting in an under-
determined system with far fewer equations than unknowns—a problem that is
NP-hard to solve directly. Tao and colleagues proved that when signals satisfy
sparsity conditions and observation matrices meet restricted isometry properties,
s can be accurately determined, enabling original signal reconstruction.

1.2 Compressed Ultrafast Imaging System
The original image signal I(x-y-t) must first be modulated by a DMD before
entering the streak camera. The DMD is a spatial light modulator that controls
light reflection direction through numerous microscopic mirrors, functioning as
an optical switch.

The DMD has two stable mirror states (+12°/-12°). In compressed ultrafast
imaging systems, a controller at the DMD base adjusts the micro-mirror an-
gles: when the memory unit contains “1,”the aluminum mirror tilts to +12°,
corresponding to an open pixel state; when the memory unit contains “0,”the
mirror tilts to -12°, corresponding to a closed state. The spatial encoding of
the original image signal by the DMD can be represented as C, producing an
encoded signal CI(x-y-t).

The system employs a streak camera with picosecond temporal resolution for
signal detection and imaging. Figure 4 illustrates the working principle of the
streak camera, which consists of an image converter tube (including a photoelec-
tric conversion system, scanning deflection system, and multiplication/electro-
optical conversion system) and scanning circuits.

[Figure 4: see original paper]

To diagnose ultrafast scene signals I(x-y-t) using compressed ultrafast imaging,
the slit must be fully opened to eliminate the one-dimensional spatial sampling
limitation of conventional streak cameras. The encoded image signal enters
the streak camera without slit restrictions. The photocathode inside converts
the incoming optical signal into corresponding electrical signals while linearly
transforming characteristic parameters. Simultaneously, a scanning ramp pulse
electrical signal varies linearly with time, deflecting the encoded signal. This
deflection operation can be represented as S, yielding a deflected encoded signal
SCI(x-y-t), which we denote as I’(x’-y’-t):

SCI(x-y-t) = I’(x’-y’-t)
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This electron image exists inside the streak tube before bombarding a phosphor
screen to convert into a visible light image, which is then captured by a CCD
image sensor. During the CCD’s single exposure time T, noise n affects the
signal, producing the final measured signal M(x’-y’):

M(x’-y’) = TSC I’(x’-y’-t) + n

For computational convenience, we represent TSC as O:

M = OI’+ n

[Figure 5: see original paper]

Reconstructing the original signal from the measured signal requires solving this
equation inversely to recover the ultrafast scene I(x-y-t) from M(x’-y’). This
underdetermined problem cannot be solved directly for an exact solution. Com-
pressed sensing theory enables transformation of this problem into an uncon-
strained optimization using total variation regularization with prior knowledge
of the encoding matrix:

arg min_I ||M - OI||_2^2 + 𝜆𝜙(I)

where 𝜆 is the regularization parameter and 𝜙 is the regularization function.
This unconstrained problem can be further transformed into a constrained op-
timization:

arg min_I ||M - OI||_2^2 subject to 𝜙(I) ≤ �

Through gradient descent iterations updating I and auxiliary variables P, a
locally optimal solution can be obtained, yielding the original signal I(x-y-t).

2.1 Simulation of Compressed Ultrafast Imaging Acquisi-
tion
To evaluate the diagnostic capability of the compressed ultrafast imaging system
for original three-dimensional image signals I(x-y-t), we simulated the acquisi-
tion process in MATLAB. The simulation performs encoding, deflection, and
superposition operations on the original 3D image signal, as shown in Figure 6,
with subsequent reconstruction using compressed sensing algorithms.

[Figure 6: see original paper]

A random 0-1 matrix generated by MATLAB’s built-in functions serves as the
encoding matrix C, which remains fixed after generation with 50% of elements
being 1, corresponding to a 50% sampling rate for the compressed ultrafast
imaging system. Figure 7 illustrates the encoding process, where element-wise
multiplication between the encoding matrix and image signal simulates DMD
encoding.

[Figure 7: see original paper]
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The electric field strength in the streak camera’s deflection region varies linearly
and uniformly. Image signals entering at different times experience different
deflection fields, imaging at different vertical positions on the CCD.

[Figure 8: see original paper]

The simulation employs streak camera parameters: ultimate temporal resolution
of 10 ps, scanning speed of 2 mm/ns, full-screen scanning time of 20 ns, and an
effective phosphor screen diameter of 40 mm.

The ultrafast scene simulates a single laser pulse propagating through a medium
and reflecting off two plane mirrors, following a Z-shaped trajectory. This
3D image signal spans 100 ps and comprises 8 frames, each 256$×256𝑝𝑖𝑥𝑒𝑙𝑠 ∶
𝐼(256, 256, 8).𝐴𝑓𝑡𝑒𝑟𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔𝑎𝑛𝑑𝑑𝑒𝑓𝑙𝑒𝑐𝑡𝑖𝑜𝑛, 𝑡ℎ𝑒𝑠𝑒𝑒𝑖𝑔ℎ𝑡𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑖𝑚𝑎𝑔𝑒𝑠𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑡𝑜𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑎2𝐷𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑠𝑖𝑔𝑛𝑎𝑙𝑀(256×$263).

[Figure 9: see original paper]

2.2 Reconstruction of Original Images from Compressed
Ultrafast Imaging System
Reconstructing the original scene from measured signals requires solving Equa-
tion (8) using prior knowledge of the random encoding matrix C. The Two-Step
Iterative Shrinkage/Thresholding (TWIST) algorithm can minimize the objec-
tive function through multiple iterations to obtain an optimal solution. Each
iteration applies weighted soft-thresholding to produce a sparser signal, followed
by weighted back-projection to generate a reconstruction that updates weights
and thresholds for the next iteration. While TWIST offers rapid convergence
and high reconstruction accuracy, it suffers from low efficiency and may con-
verge to local rather than global optima.

This work employs the Plug-and-Play Total Variation (PnP-TV) algorithm,
widely used in video compression and image processing. Compared to tradi-
tional TWIST, PnP-TV demonstrates superior reconstruction quality and effi-
ciency. Combining compressed sensing with total variation regularization for
image restoration and denoising, PnP-TV offers simplicity, efficiency, and flex-
ibility when applied to compressed ultrafast imaging systems.

The PnP-TV approach transforms image reconstruction into an optimization
problem with two components: a data fidelity term measuring the difference
between observed and reconstructed data, and a regularization term quantifying
image smoothness using total variation. The method involves: (1) projecting
observed data into image space using nonlinear operators to obtain projection
data for the fidelity term; (2) applying total variation regularization to constrain
image smoothness and promote structured reconstructions (total variation being
the L1 norm of differences between adjacent pixels); (3) formulating a combined
optimization problem solved via iterative algorithms like alternating direction
method of multipliers; and (4) iteratively updating the image until convergence.

PnP-TV’s primary advantage lies in enabling state-of-the-art denoising al-
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gorithms to solve sub-problems without specifying explicit priors, greatly en-
hancing flexibility. For instance, inserting a total variation denoising algo-
rithm allows flexible processing. Compared to the parameter-intensive and time-
consuming TWIST algorithm, PnP-TV demonstrates superior reconstruction
quality and efficiency.

The reconstruction algorithm successfully recovered eight original 2D images
from the compressed ultrafast imaging measurements, each with 12.5 ps expo-
sure time.

[Figure 10: see original paper]

Reconstruction quality can be analyzed using Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM). The reconstruction process
required 13 seconds, achieving an average PSNR of 32 dB and SSIM of 0.92.
As an emerging signal sampling and reconstruction theory, compressed sensing
enables high-quality signal acquisition at sub-Nyquist rates. In compressed
ultrafast imaging systems, reconstruction quality depends critically on sparse
representation and measurement matrices. The sparse prior term in our
objective function uses the L1 norm, promoting sparsity but limiting detail
and texture recovery, resulting in some blur and noise. Simulation results
demonstrate that the compressed ultrafast imaging system can accurately
reconstruct dynamic images of ultrafast scenes at imaging speeds of 80 billion
frames per second.

3 Conclusion
Using MATLAB, we simulated the compressed ultrafast imaging system, per-
forming encoding, deflection, and superposition operations on original 3D image
signals to obtain measurement data. The PnP-TV reconstruction algorithm
successfully recovered the original ultrafast image signals by selecting locally
optimal solutions during each iteration to progressively approach the original
signal, thereby improving PSNR and SSIM. Simulation results demonstrate that
the compressed ultrafast imaging system achieves picosecond-level temporal res-
olution and 80 billion frames per second imaging speed, with PSNR exceeding
30 dB and structural similarity coefficient surpassing 0.91. This system can be
applied to diagnostic applications involving ultrafast two-dimensional dynamic
processes.
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