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Abstract

Compressed ultrafast photography (CUP) is a novel two-dimensional (2D)
imaging technique to capture ultrafast dynamic scenes. Effective image reconstruction
is essential in CUP systems. However, existing reconstruction algorithms mostly rely
on image priors and complex parameter spaces. Therefore, in general, they are time-
consuming and poor imaging quality, which limits their practical applications. In this
paper, we proposed a novel reconstruction algorithm named plug-in-plug-Fast Deep
Video Denoising Net-Total Variation (PnP-TV-FastDVDnet), which exploits images'
spatial features and correlation features in the temporal dimension. Therefore, it offers
higher-quality images than previously reported methods. Firstly, we built a forward
mathematical model of the CUP, and the closed-form solution of the three sub-
optimization problems was derived according to plug-in and plug-out frames. Secondly,
we used an advanced video denoising algorithm based on a neural network named
FastDVDnet to solve the denoising problem. Peak signal-to-noise ratio (PSNR) and
Structural Similarity Index Measure (SSIM) are improved on actual CUP data
compared with traditional algorithms. On benchmark and real CUP datasets, the

proposed method shows comparable visual results while reduces the running time by
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96% over state-of-the-art algorithms.
Key Words: Compressed Ultrafast Photography, Compressed Sensing, Video Denoise
1. INTRODUCTION

Compressed ultrafast photography (CUP) [1] is a computational imaging
technique that allows 2D imaging at picosecond or even femtosecond time scales. CUP
combines compressed sensing (CS) [2] and streak camera technologies, capable of
capturing irreducible transient events with only a single shot. Because of its high
temporal resolution, it has significant potential to reveal underlying mechanisms in the
physical, chemical and biological domains [2]. CUP is being applied widely in
fluorescence lifetime detection [1, 5, 6], electronic imaging [7], and ultrafast laser
dynamics [8, 9].

CUP can be divided into two steps [1]: the first step is image acquisition by streak
cameras. This process can be viewed as multiple frames of video superimposed into a
single observed image after random sampling and offsetting. The second step is data
reconstruction, where the forward imaging model builds the inverse problem model.
Then the observed images are converted into a video by an optimization algorithm. J.
Hunt et al. derived theoretical guarantees for stable, accurate reconstruction at high
compression ratios [10, 11]. As CUP reconstruction is an ill-posed problem, total
variation (TV) [12-14], sparsity [15-18] and low rank [19, 20] are usually chosen as

penalty terms in the optimization problem. The two-step iterative threshold method
(TwIST) [21] is a classical CUP reconstruction algorithm that employs TV constraints

in the reconstruction process [1, 8], and the algorithm has high efficiency but introduces
artifacts. TwIST has other disadvantages, such as containing more artificially
determined parameters, sensitive to initial values and challenging to converge. C. Yang
utilized the Augmented Lagrangian (AL) algorithm to reduce the dependence on
penalty term parameters and to obtain higher image reconstruction quality [22].
Recently Plug-and-Play (PnP) has been applied as a flexible and efficient
algorithmic framework [23, 24] for solving inverse problems with convergence proofs

[25, 26]. Its most significant advantage is that any state-of-the-art denoising algorithm
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can be plugged in to improve the reconstruction quality. Y. Lai et al. decoupled the
optimization variables [27] using the Alternating Direction Multiplier Method (ADMM)
in the PnP framework. K. Dabov plugs in the denoising algorithm block-matching 3D
filtering denoising (BM3D) [28] based on the PnP framework to solve the
suboptimization problem. Although reconstructed images’ quality can be improved, the
reconstruction efficiency degrades since BM3D performs frame-wise and is time-
consuming. With the development of Deep Learning (DL), some CNN-based image-
denoising algorithms have better performance, such as the deep CNN denoiser prior for
image restoration (IRCnn) [29], deep CNN for image denoising (DnCnn) [30], and fast
and flexible solution for CNN-based image denoising (FFDNet) [31]. For scenarios
(e.g., CUP) with insufficient data to support end-to-end training, PnP has the greater
advantage of using a denoiser that is trained in advance [26]. This property allows
CNN-based denoisers to be applied to the reconstruction process. Q. Shen applied the
FFDNet to the algorithmic framework of PnP, and its reconstruction quality, speed, and
flexibility exceed those of traditional reconstruction algorithms [32].

Image denoising algorithms are widely used denoisers in CUP reconstruction
using the PnP framework. However, in the forward model, transient scenes that are
continuous in time are discrete sampled into multiple frames, and there are correlations
in the temporal dimension between frames. In previous work, the image denoising
algorithm used in reconstruction based on the PnP can only exploit the spatial
correlation of each frame. This paper applies the advanced CNN-based video denoising
algorithm FastDVDNet [33] to the PnP to exploit the correlation between adjacent
frames. The experimental and simulation results show that the proposed method
improves reconstruction quality and efficiency.

2. Mathematical Model of CUP

The CUP system compresses multiple video frames into one frame. As shown in
Fig. 1, the process of data acquisition contains three steps: Encoding, Shearing and
Overlaying. A video dataset with N frames (the size = n,xn,) represents the ultrafast
dynamic scene to be captured, randomly sampled by a mask (the size = n,xn,).

In the encoding step, the Hadamard (element-wise) product of the coding matrix
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C and dynamic scene Xindicates that the encoding device, such as the DMD, randomly
encodes each frame of the video data X;. In the shearing step, under the action of the
streak camera, each frame shears s, pixel along the sweep direction from the previous
frame, and this process can be represented by the shearing operator S;. In the
overlaying step, all images are accumulated into one observed image during the

exposure time of the CCD embedded in the streak camera.

Video data with N frames
X € RrmN

i
Y=) 5 (COX)
b

step 2 : Shearing

Shearing dircction

Fig.1 Data compression process of CUP

The CUP data compression process can be described as follows:

i=N
Y:;si-(c*@xjwz, (1)

where the symbol O denotes the Hadamard product, Y,Z€ R  L=mn,+ (N —1)s,,

and Z indicates noise in the imaging process. To convert the Hadamard product into the
standard matrix product, the 2D vectors X}, ¥ and Z in Eq. (1) need to be converted into

one-dimensional vectors x;, y and z:

N
y - Z Sz/ (Cdiagwi) + 4

i=1
N
= Z(S;Cdmg)mz + z ) (2)
i=1
= [81Cliny,S2C 10y, , SN Cliag) [2] ;5 - 2 1" + 2
Where, z;=Vec(X,) e R"""

y=Vec(Y) eR"™* ' and z=Vec(Z) cR"*' The

> 3

symbol Vec () indicates the transformation of a 2D vector into a 1D vector. Ciog

denotes the diagonal form of the encoding matrix C, C,,, = diag(Vec(C)) € R™™*""
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and the symbol diag(*) indicates the conversion of a 1D vector into a 2D diagonal

matrix. Eq. (2) can be described as a classical linear inverse problem model:
y=Hz+z, (3)

T

[T T T . . Ln, Xn,n, N
where €= [#{ ,x;,"*,xx]", the sensing matrix H € R*™""""

is a blocked diagonal

matrix:

H: [H17"'7H7V] — [Sl/CdiamSQ/Cdiaga"'7SJ,VCdz'ug], (4)
where S| = CircShift(1,,(i —1)syn,) € R*™*™™ i=1,2,3,..N, the symbol CircShift (A,

/) indicates that the matrix A is cyclically shifted by / units along the vertical direction.
3. Proposed reconstruction methods
3.1 PnP-ADMM for CUP

For the linear inverse Eq. (3), the PnP-ADMM algorithm iteratively solves the

following three problems to find the optimal solutions [34]:

2

"t = argmin f(x) + /2)56 <'le — ;Uk> , )
s 2

,U(k+l) — Dg (w(kﬂ) + I(l)u(k)> , (6)

ut =t 4 p(att — ot (7)

For Eq. (6), as HH ' =diag([41,...,%1,] ") is a diagonal matrix, a closed-form solution
can be obtained [32]:

' = (v"iu") +HT[yH(vk;uk>]/(s+pI), (8)
where s= [¢1,9,,¢;,] " and D(*) in Eq. (7) denotes the denoising algorithm. Based

on the PnP framework, any advanced denoising algorithm can solve Eq. (6).
3.2 PnP-GAP for CUP
The solution steps of the PnP-GAP algorithm are as follows:

$k+1:0k+HT(HHT)71(y*H0k), (9)
0k+1:D0({Ek+1), (10)

Similarly, D(-) represents the denoising algorithm. Since HH ' = diag([¢1,...,11,] ")

is a diagonal matrix in CUP, Eq. (9) can be simplified as:
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"'=0"+H'(y— HE")./s, (11)

Where 8§= [’(/)1 ) w% e 7,(/JL71,,/] ! .

3.3 Denoise operators

FastDVDNet is a two-stage structure, where 5 frames of images are divided into
three groups as inputs to Block1 [33], and the outputs of the three Block1 are the inputs
to Block2. The Architecture used in FastDVDnet can be found in ref [33]. Among them,
three Block1 share parameters, and Block1l and Block2 have the same structure; it is a
modified version of the U-Net network. It is worth noting that compared with the
original U-Net, the network here has 2 down-sampling layers (whereas the original
network has 4) with down-sampling achieved through Conv layers instead of pools. In
addition, up-sampling is not attained through Bilinear interpolation or deconvolution
but rather through Pixel-Shuffle. FastDVDNet has simpler structure than DVDNet. In
image/video denoising, the L1 loss is commonly used as it keeps the overall information
of the denoised image. However, we use the L, loss in FastDVDNet and the parameters

of this denoise net are similar to those in ref [33].

4. Simulation Results
a) Simulation on Benchmark Data

To verify the effectiveness of the proposed algorithm, we selected 8 frames from
the benchmark dataset runner, traffic, drop and crash [35] and generated a compressed
image according to the CUP data compression model. Then PnP-TV, PnP-BM3D, PnP-
FFDNet, PnP-FastDvDNet and PnP-TV+FastDvDNet were used to recover video data
of size 256x256x8 from the generated image of size 256x256, respectively. Besides,
we also used the deep learning method (termed as DL) proposed in ref [36, 37],
augmented Lagrangian and deep-learning hybrid algorithm (termed as AL+DL)
proposed in ref [38] to compare the reconstruction performance. In addition, the spatial
and intensity constraints (SIC) method (termed as TV+FastDvDNet-P) proposed in ref
[39] was also used to provide a more stringent evaluation of the proposed method. In
simulation, the streak camera measurement was generated according to the forward
model. Similarly, the CCD measurement was generated by integrating the original

dynamic scene along the time axis. The computing platform configuration parameters
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we used are as follows: CPU is 12th Gen Intel(R) Core (TM) 17-12700H 2.70 GHz,
GPU is NVIDIA GeForce RTX 3060 laptop GPU.

Ground TV+ TV+

+
Truth v BM3D FFDNet ~ FastDVDNet  FastDvDNet FastDvDNetrp  AL*DL bL

Fig. 2. Reconstruction results of algorithms using different denoisers

As shown in Fig. 2, one frame from the 8 frames reconstructed from each
simulation dataset is selected for comparison. Artifacts exist in the reconstructed image
of PnP-TV, and blurring occurs in the detail part, so the image's visual effect is
relatively poor. Notably, the reconstruction performance of these algorithms is close
when recovering drop data with a simple image structure. In contrast, the reconstruction
results of PnP-BM3D and PnP-FFDNet show significant distortion when recovering
traffic and crash data with complex image structures. Therefore, PnP-FastDvDNet and
PnP-TV+FastDvDNet outperformed other algorithms in restoring image details.

Tables 1, 2 show the PSNR, SSIM of the reconstructed results, respectively.
According to the average PSNR and SSIM, PnP-FastDvDNet is the best algorithm
using a single denoiser, and the algorithm using the combined TV and FastDvDNet
denoiser has 1.2 dB and 0.012 improvements in PSNR and SSIM respectively
compared to it. Regarding algorithm execution efficiency, the algorithm using the
BM3D denoiser takes the longest average time, while the algorithm using the TV and
FFDNet denoiser takes less time. Still, the reconstruction is less effective than the
FastDvDNet and TV+FastDvDNet denoiser algorithm. The execution time of PnP-
TV+FastDvDNet is less than that of PnP-FastDvDNet because a part of its iterations

uses a TV denoiser. However, PnP-TV+FastDvDNet works better due to the utilization
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of both TV and video depth during reconstruction. The PSNR and SSIM were shown
in Table 1 and Table 2. We also made an efficiency comparison for different methods

as shown in Table 3.

Table 1 Average PSNR (dB)

Algorithm Runner Traffic Drop Crash Average
AL+DL 32.12 24.56 38.51 25.50 30.1725
DL 31.24 23.55 38.01 2491 29.7524
PnP-ADMM-TV 26.87 20.54 30.88 24.44 25.964
PnP- ADMM-BM3D 3248 24.24 40.48 26.05 30.958
PnP- ADMM-FFDNet 31.88 23.22 38.59 24.58 30.122
PnP-ADMM-FastDvDNet 33.42 26.58 37.76 27.22 31.28
PnP-ADMM-TV+FastDvDNet 34.81 27.51 39.15 27.25 32.446
PnP-ADMM-TV+FastDvDNet-P 35.01 28.12 39.89 28.35 32.842
PnP-GAP-TV 28.3 254 354 26.5 28.57
PnP-GAP- BM3D 33.5 26.2 39.1 25.6 31.06
PnP-GAP- FFDNet 34.1 27.3 38.8 27.1 29.88
PnP-GAP-TV+FastDvDNet 35.6 28.2 38.08 28 32.71
PnP-GAP-TV+FastDvDNet-P 35.89 28.98 38.91 28.56 33.01

Table 2. Average SSIM

Algorithm Runner Traffic Drop Crash Average
AL+DL 0.965 0.861 0.995 0.901 0.9305
DL 0.95 0.843 0.989 0.896 0.9291
PnP-ADMM- TV 0.905 0.729 0.953 0.863 0.8714
PnP-ADMM -BM3D 0.965 0.873 0.994 0.908 0.9402
PnP-ADMM -FFDNet 0.962 0.859 0.992 0.889 0.9326
PnP-ADMM-FastDvDNet 0.966 0.914 0.987 0.921 0.9474
PnP-ADMM-TV+FastDvDNet 0.973 0.932 0.989 0.931 0.9582
PnP-ADMM-V+FastDvDNet-P 0.981 0.95 0.99 0.95 0.97
PnP-GAP-TV 0.914 0.812 0.95 0.791 0.8694
PnP-GAP- BM3D 0.973 0.861 0.993 0.812 0.919
PnP-GAP- FFDNet 0.976 0.88 0.984 0.881 0.9372
PnP-GAP-TV+FastDvDNet 0.98 0.912 0.99 0.911 0.9688
PnP-GAP-TV+FastDvDNet-P 0.985 0.92 0.99 0.921 0.97

Table 3 Results of average execution time(second)

Algorithm Runner Traffic Drop Crash Average
PnP-TV 21 22 18 20 20.2
PnP-BM3D 731 706 727 713 715.4
PnP-FFDNet* 26 27 25 26 26.2
PnP-FastDvDNet* 72 75 69 70 70.6
PnP-TV+FastDvDNet* 69 63 56 60 61.6
AL+DL 51 55 60 58 56
DL 0.1 0.1 0.1 0.1 0.1

Note: The symbol * indicates the use of GPU
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By applying the joint TV and FastDvDNet denoiser to the PnP, temporal
correlations are exploited in the reconstruction process, and the reconstruction effect
exceeds that of the algorithm using a single denoiser. At the same time, its execution

time is less than that of PnP-FastDvDNet.
b) Simulation on High Compression Ratio Data

To test the reconstruction performance of the proposed algorithm on data with
larger compression ratios (CR), 13 simulated datasets were generated by selecting 3, 6,
9,..., and 39 frames from the drop dataset. The CUP data compression ratio is defined

as follows:

_ size(x) _ n,n,N _n,N _ n, N (12)
size(y)  Lm, L  n,t+s(N—1)

The number of compressed frames positively correlates with the data CR.

TV+ TV+
BM3D FFDnet FastDvDNet  FastDvDNet FastDvDNet+P AL+DL DL

-}-i-i-i-i-i--}-i-
" e e e e e e e e
e e g g e e e e
e g e e s g e e
" e e g e g g

Fig. 3. Reconstruction results for different compression ratios

Fig. 3 shows the reconstruction results when the number of compressed frames is
3,12,21, 30 and 39, respectively. Compared with PnP-TV+FastDvDNet, the algorithm
using a single denoiser shows distortion and blurring in some areas of the reconstructed
image when the CR increases. The results shows that PnP-TV+FastDvDNet delivers

high reconstruction performance in terms of large CR.
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Fig.4 Graphs of (a) PSNR (dB), (b) SSIM and (c) using time with increasing compression ratio for

reconstruction results

As shown in Fig.4, the PSNR, SSIM and using time of the reconstruction results
using a single denoiser decrease rapidly when the CR increases. In contrast, the PnP-
TV+FastDvDNet curve decreases more gently, and the reconstruction performance is
better than other algorithms after the number of compressed frames exceeds 24 frames.
Simulation results on data with high compression ratios show that our proposed method
outperforms the algorithm using a single denoiser and also takes less time to reconstruct
than PnP-FastDvDNet.
¢) Simulation on Different denoise operators

With PnP we can apply advanced denoisers to the solutions of Eq. (3). Image-
denoising algorithms are widely used in PnP-based optimization algorithms. However,
in a CUP reconstruction problem, the image-denoising algorithms only recognize
spatial features; they do not exploit the correlation between different video frames. For
ultrafast dynamic scenes, considering the timing correlation between sequential frames
can guarantee higher-quality reconstructions.

In contrast, our FastDvDNet denoising considers image spatial features and the
temporal correlation between video frames. We integrate TV and FastDvDNet
denoising with PnP, using both TV and video deep prior, to improve image

reconstruction quality.

10
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Fig.5 (a) The PSNR (dB) variation with the number of iterations. (b) The SSIM variation with the

number of iterations.

As shown in Fig. 5, we applied different denoisers to the reconstruction process.

The optimization algorithm has iterated a total of 450 times. For PnP-TV+FastDvDNet,

the TV denoiser was used for 225 iterations, followed by the FastDvDNet denoiser for

225. All other methods use a single denoiser iterating 150 times. Compared with TV-

only or FastDvDNet-only denoisers, the integrated TV and FastDvDNet denoiser

shows better PSNR and SSIM performances, even surpassing the image denoiser

BM3D and FFDNet.

d) Balance between the TV and FastDVDnet

In order to reveal the principle of denoising, the total denoising expression can be

described as A FastDvDnet+A, TV, A,=kA;.We set A;=0.0001, and calculated the PSNR

when kis 1, 2, 3,...10, respectively, and the result was shown in Fig.6.

31.50
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30.754
30.50

2 30.25
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& 3000

& 2975
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29.00
28.75
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0

Fig.6 The PSNR curves as functions of the parameters A; and A,

From Fig.6, we can see that the performance of the proposed method is insensitive

to the variation in the values of A, in the range of 0.0001~0.001.

5. Real Data

As indicated in Fig. 7, an ultrafast dynamic scene is collected by an objective lens

(OL) and imaged onto a DMD (Texas Instruments, DLP Light Crafter 3000), loading a

11
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static random pattern.
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Fig. 7 Experimental system setup

After that, the encoded ultrafast scene of each channel is transferred through a 4f
imaging system composed of L; and L, and reflected by a reflecting prism. Finally, all
of them are captured by a streak camera (Hamamatsu, C7700) with the slit fully opened.
This scientific instrument can capture ultrafast scenes based on the photo-electric effect
and temporal shearing technique [33,34]. In the first scene, a single laser pulse from a
mode-locked Ti: Sapphire laser amplifier (Spectra-Physics, 50 fs) was stretched up to
200 ps by a pulse stretcher. The stretched pulse was spatially expanded to illuminate
hollow letters 'E' and N' fabricated in a black nylon plate. Photons inside the shape
could pass through the plate, while those outsides were blocked. The resulting E-shaped
laser pulse was projected onto a thin white paper sheet for scattering and further
observed by the CUP system. Fig.8 shows the compressed data E and NN captured by
the CUP system. Data E and NV sequence depths are 21 and 30, respectively.

Fig. 8. Simply CUP real data E and N.

We performed the proposed method, and Figs 9 and 10 show the reconstructed

outcomes.

12
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Fig. 9 Reconstruction results of real data E and the comparison among (a)TV, (b) BM3D, (¢)FFDnet,
(d)FastDVDnet, (¢) TV+ FastDVDnet
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Fig. 10 Reconstruction results of real data /N and the comparison among (a)TV, (b) BM3D, (c)FFDnet,
(d)FastDVDnet, (e) TV+ FastDVDnet

Fig. 9 and 10 show the reconstruction results for real data E and N, respectively.
Intensity variations are difficult to observe between different reconstruction frames for
PnP-TV, whereas intensity variations can be observed but are not continuous for PnP-
BM3D and PnP-FFDNet. FastDvDNet’s reconstruction result shows a more coherent
intensity change between adjacent frames, guaranteeing a better visual effect.

Light springs (LSs), as a type of novel-shaped ultrafast laser beam carrying orbital
angular momentum (OAM), have a helical structure in both phase and intensity profile
[40]. In order to extend the experiments to more complex real-world data. We conduct
an experiment to capture the LSs, and the experiment details can be found in ref [40].
In above simulations and experiments, we have been demonstrated that the

TV+FastDvDNet has advantage over state-of-the-art algorithms. Therefore, we

13
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reconstruct the compressed image only using FFDnet, FastDVDnet, TV+ FastDVDnet
to manifest the efficiency of proposed method. The reconstructed result was shown in

Fig.11.

(a)

(b)

© gt

Fig.11 Reconstruction results of LSs and the comparison among (a)FFDnet, (b) FastDVDnet, (¢)TV+
FastDVDnet

As shown in Fig.11, we can see that TV+ FastDvDNet’s reconstruction result
shows a more coherent intensity change between adjacent frames, guaranteeing a better
visual effect. To complement the 1D evolution information of the reconstructed data,
the initial intensity integral information is supplemented. As demonstrated in Fig.12, a
comparison reveals that the temporal evolution characteristics of the reconstructed data

closely resemble those of the original data.

1.0 T T
® PnP-FastDvDnet
4 PnP-FFDnet

1D meas
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=]
n
1

0.0

T T T T
0 100 200 300 400 500
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Fig.12 Curve of the temporal evolution of the laser pulse intensity

Information of the temporal evolution of the laser pulse intensity is also extracted
for further comparison and shown in Fig.12. The black line for reference indicates the

time evolution of the pulse intensity measured by the one-dimensional (1D) streak

14
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camera with its entrance slit being narrowed to about 50 um for spatial sampling. Fig.
12 shows that all the data extracted from reconstructed images are highly agree well
with the reference, so it manifests that our methods are capable for image reconstruction

in CUP.

6. Conclusions

The proposed PnP-TV+FastDvDNet exploits both images’ TV and the deep video
prior, offering a higher quality reconstruction. Reconstruction results on simulated and
real data show that using the integrated TV and FastDvDNet denoiser outperforms
single-denoiser algorithms. Since the sequence depth of current CUP systems has
exceeded 1000 frames, therefore, the proposed method provides much better
reconstruction with a high sequence depth.
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