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Abstract—Snapshot compressive imaging (SCI) is an advanced
approach for single-shot high-dimensional data visualization. Deep
learning is popularly used to improve SCI’s performance. How-
ever, most existing methods are merely used as a replacement for
analytical-modeling-based image reconstruction. Moreover, these
models cling to the conventional random coded apertures and often
presume a linear shearing operation. To overcome these limitations,
we develop a new end-to-end convolutional neural network, termed
deep high-dimensional adaptive net (D-HAN) that offers multi-
faceted supervision to SCI by optimizing the coded aperture, sens-
ing the shearing operation, and reconstructing three-dimensional
datacubes. The D-HAN is implemented in two representative SCI
systems for ultrahigh-speed imaging and hyperspectral imaging.
The D-HAN is envisioned to benefit SCI in system design, image
reconstruction, and performance evaluation.
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I. INTRODUCTION

SNAPSHOT compressive imaging (SCI) [1], integrating the
compressive sensing theory into novel optical designs, can

record high-dimensional (e.g., spatiotemporal [2], spatiospectral
[3], volumetric [4], and spectro-polarimetric [5]) data in a single
exposure. A typical type of existing SCI systems works by
first encoding a high-dimensional scene with one or multiple
coded apertures, followed by a shearing operation that couples
the non-spatial dimension (e.g., spectral and temporal) of the
spatially encoded scene with one of its spatial dimensions,
and finally integration of the encoded and sheared scene on
a focal plane array [6]. Despite increasing system complexity
compared to conventional imaging modalities, SCI allows using
widely available two-dimensional (2D) focal plane arrays (e.g.,
CCD and CMOS cameras) to collect compressively recorded
snapshots and then to recover the underlying datacube using
computational methods. Leveraging this encoder-decoder ap-
proach, SCI sparks the development of many high-dimensional
imaging systems with low bandwidth/memory requirements,
low costs, and low power consumption. In the meantime, a
careful design of the coded apertures and the shearing operation
can transfer many advantageous properties embedded in certain
mathematical models into optical systems, which exceed the
conventional counterparts in imaging and sensing capabilities
[7]. Finally, recent advances in optical instrumentation have
largely expanded the design space of SCI, which results in
many innovative SCI systems that open up new applications
in diverse areas of study, including laser-induced plasma [8],
medical ultrasound [9], electron microscopy [10], fluorescent
object identification [11], and radar [12].

As an indispensable constituent in SCI, advanced image re-
construction methods provide high reconstructed image quality.
To date, analytical modeling is dominantly used in SCI’s image
reconstruction [13]–[17]. These methods solve the inverse prob-
lem by using the prior knowledge of the sensing matrix and by
leveraging the sparsity of high-dimensional datacubes in specific
domains (e.g., spatial, wavelet, discrete cosine transform, and
gradient domains). However, they require precise prior knowl-
edge of all operations in the SCI systems and are susceptible to
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noise. Moreover, their processing time increases exponentially
in high-dimensional optimization problems. Finally, the recon-
structed image quality highly depends on the empirical tuning
of parameters [18].

To overcome these limitations, deep-learning approaches
have been increasingly featured owing to their flexible capability
of obtaining high reconstruction performance compared to the
analytical-modeling approaches. Given access to rich datasets,
many novel methods based on convolutional neural networks
(CNNs) have been developed for SCI’s reconstruction as well as
for the coded-aperture design [19]–[25]. Despite these advances,
CNN approaches have ample room for improvement. First,
in most cases, they are merely considered as a substitute for
analytical-modeling-based reconstruction methods [22]. Their
performance is hence limited by the existing arrangements
in SCI systems. Moreover, most CNN-based coded-aperture
designs are proposed for active codification, in which each
frame in the datacube is coded by a different coded aperture
[25]. In contrast, despite a few promising demonstrations [10],
[26], [27], less emphasis has been placed on the optimization
of a single coded aperture. Consequently, to date, most SCI
systems in this category still rely on a random coded aperture,
which, although universally applicable to most scenes, limits the
reconstruction quality. Finally, these approaches often presume
the ideal behaviors of optical instruments. Particularly for SCI,
the shearing operation, realized by various optical elements [e.g.,
a galvanometer scanner (GS) [28], a streak tube [29], a grating
[30], or a prism [31]], are modeled with a linear function with
a slope of one pixel and an offset of zero. This idealization
neglects any deviation in the shearing operation induced by many
possible experimental factors, including misalignment, jitter,
and imperfect instrument responses [29]. Consequently, this
limitation reduces CNN’s robustness in reconstruction. It also
excludes the possibility of sensing information in key optical
elements in SCI systems. To date, the deep-learning approaches
are able to provide little feedback to evaluate SCI’s hardware
performance.

To surmount these limitations, we develop a new end-to-end
(E2E)-CNN—termed the deep high-dimensional adaptive net
(D-HAN)—that provides multi-faceted supervision to an SCI
system. In system design, the D-HAN optimizes the coded
aperture and establishes SCI’s sensing geometry. In image re-
construction, the D-HAN senses the shearing operation and re-
trieves a three-dimensional (3D) scene. D-HAN-supervised SCI
is experimentally validated using two representative systems for
ultrahigh-speed imaging and hyperspectral imaging.

II. RELATED WORK

A. Sensing Model of SCI

In this work, the data acquisition of SCI consists of the
following three operations. First, a 3D scene, denoted by F,
is modulated by a single 2D (x, y) coded aperture. This opera-
tion is termed spatial encoding. Then, information in the third
dimension of the spatially encoded scene is intermixed with that
in one of the spatial dimensions. This process is defined as the
shearing operation. Finally, via the operation of integration, a 2D
detector integrates the encoded and sheared scene as a 2D image,

commonly known as a compressed measurement, denoted by G
[32]. The forward model is expressed as

g = Φf + ε. (1)

Here, f ∈ Rn×1 is the vector representation of a discrete
version of the 3D scene F ∈ RNx×Ny×NL with the size n =
NxNyNL, where Nx and Ny represent the data lengths in
the two spatial dimensions, and NL represents the data length
in the third dimension. g ∈ Rm×1 is the vectorial version of
the compressed measurement G ∈ RNx×(Ny+γ·(NL−1)) with
m = Nx · [Ny + γ · (NL − 1)]. γ ∈ W is the shearing magni-
tude factor. Φ ∈ Rm×n is the SCI’s sensing matrix. ε ∈ Rm×1

represents the noise added to the compressed measurement in
data acquisition. The structure of Φ accommodates the optical
elements in the SCI system, and its entries are given by [33]

Φi,j =

{
cv if i = NxΓ

(⌊
j

NxNy

⌋)
0, otherwise

(2)

for v = mod(j,Nx ·Ny) with v ∈ W , i = {0, . . . , m− 1},
and j = {0, . . . , n− 1}. Here,Γ(·) : W → W is the function
that models the shearing operation. cv is the value at the vth

position of c ∈ RNxNy×1, which is the vectorial version of the
coded aperture C ∈ RNx×Ny . In the scope of this work, the
coded aperture is set as binary (i.e., cv ∈ {0, 1}).

B. Integration of Deep Learning Into SCI

The increasing availability of vast amounts of image data
and computational power has consolidated CNNs as one of
the most potent and desired tools for SCI approaches [34]–
[39]. CNN’s potential for compressive sensing was initially
demonstrated in its non-iterative solution to reconstruct images
from measurements generated by a random Gaussian matrix
[34]. Inspired by this early development, CNN paradigms were
integrated into SCI’s reconstruction by combining its forward
model as an encoder, followed by convolutional layers as a fast
approximated sparse decoder [35]. Despite high reconstructed
image quality in simulation, these early CNN-based approaches
produced a dramatically decreased reconstruction quality in
experiments. This limited performance was attributed to their
neglect of the operations in SCI models (e.g., direct, transpose,
and inverse processes) that could work as prior information to
improve the reconstruction results. In this path, ensuing works
tackled this problem by taking advantage of the well-established
link between analytical-modeling approaches and deep learning
networks [36], resulting in the development of the unrolling
approach [40], [41] and the plug-and-play (PnP) method [42],
[43], both of which relied on the iterative gradient descents
models for the inferences. However, the unrolling approaches
were highly prone to suffer vanishing gradient issues as the
number of emulated iterations increased. The PnP approaches
limited the CNN’s inference potential by using them as simple
denoisers. Both methods strained the CNN’s ability to design or
infer the structure and behavior of related optical elements in SCI
systems. These limitations, along with the well-demonstrated
SCI homologous frameworks [44]–[48], call for new CNNs for
SCI in design guidance, image reconstruction, and performance
evaluation.
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C. Deep-Learning Approaches for Spectral SCI

In these two sub-sections, we review related CNN-based
approaches implemented in the spectral and temporal SCI
frameworks—two representative branches in SCI for single-shot
observation of hyperspectral scenes and transient phenomena,
respectively. First, deep learning has assisted spectral SCI in
providing higher image quality and instantaneous reconstruction
after training compared to the analytical-modeling-based algo-
rithms. Representative approaches include the HSCNN [49], the
HyperReconNet [26], the spatial-spectral self-attention (TSA)
net [50], and deep Gaussian scale mixture (DGSM) prior for
spectral compressive imaging [51]. In particular, the HSCNN
was a unified deep-learning framework for spectral SCI’s recon-
struction [49]. It used a two-step iterative shrinkage/thresholding
algorithm [52] to reconstruct an approximation, which was
then used as input to a trained CNN to recover the missing
details. To improve the correlation of these two steps pre-
sented in the HSCNN, the HyperReconNet was introduced
as the first E2E-CNN that joined coded aperture design with
image reconstruction [26]. However, relying on a patch-based
methodology, the HyperReconNet disregarded the global spatial
features, which limited its performance in both tasks. To solve
the shortcomings in the HSCNN and the HyperReconNet, the
TSA-net jointly modeled the spatial and spectral correlation,
which reconstructed 3D datacubes with good accuracy [50]. To
outperform the TSA-net, the DGSM algorithm [51] modeled
the reconstruction process as a maximum a posteriori estimation
problem with a learned Gaussian scale mixture model in an E2E
manner. The local means of the Gaussian scale mixture models
were estimated as a weighted average of the spatial-spectral
neighboring pixels, which robustly reconstructed 3D datacubes.

Despite these encouraging developments in image reconstruc-
tion, existing deep-learning approaches for spectral SCI still
possess several limitations. First, the CNN-based approaches
relegated the coded aperture to be a non-trainable parameter
generated offline with a conventional binary random distribu-
tion. Although enabling the sensing models to be incoherent
with almost all sparsifying bases [53], the random features
resulted in inferior reconstruction performance compared with
the ones in the optimized coded apertures [26], [54]. Meanwhile,
the shearing operation, as an indispensable step in SCI’s data
acquisition, was often overlooked. Most works presumed it to
be a linear function [50]. Others pre-determined it by calibration
and theoretical calculations [55]. In this regard, how the shearing
operation would affect the reconstructed image quality and
hence the SCI’s overall performance is still underexplored.

D. Deep-Learning Approaches for Temporal SCI

In recent years, deep learning has enhanced the performance
of temporal SCI techniques. The resemblance of its forward
model to the one of spectral SCI allows adapting many ex-
isting deep-learning approaches to reconstruct spatiotemporal
datacubes. For example, an E2E-CNN with residual learning was
reported for fast temporal SCI reconstruction [56]. In addition,
various CNNs—such as the U-net-based DeepCUP [57] and the
hybrid algorithm combining the augmented Lagrangian (AL)

method with deep learning [58]—were developed to mitigate ar-
tifacts and to enhance the reconstruction speed. Moreover, a deep
neural network decomposed the temporal SCI’s reconstruction
into independent 2D sub-problems to improve the reconstructed
image quality [59].

Besides assisting image reconstruction, deep learning has
contributed to system design in temporal SCI. For example, an
encoder-decoder neural network was developed to obtain a set
of trained coded apertures [25]. Although resulting in superior
performance compared to the traditional random counterparts,
the trained coded-aperture set lost the universality to dynamic
events with different compression ratios. In other works, coded
apertures were jointly learned with video reconstruction us-
ing a fully connected neural network [24]. However, multiple
trained coded apertures were still required in reconstruction,
which limited the sequence depth (i.e., the number of frames in
the reconstructed video). More importantly, the requirement of
using multiple coded apertures in data acquisition disqualified
both works for the single-coded-aperture SCI, which is the
model of our work. Furthermore, akin to spectral SCI, existing
methods assumed a linear shearing operation in the data acqui-
sition of temporal SCI. Consequently, the image reconstruction
could sense and self-adapt to any deviations in shearing. Thus
far, most deep-learning approaches still focus separately on
either optimizing temporal SCI’s hardware of data acquisition
or improving image reconstruction. There lacks a mastermind
capable of providing overall supervision of both the hardware
and software for temporal SCI.

III. END-TO-END SUPERVISION BY D-HAN

The D-HAN aims to bring new capabilities to the CNN
for E2E supervision of an SCI system. In brief, the D-HAN
targets to couple the design and modeling of the two essential
operators in the SCI sensing geometry—spatial encoding and
shearing—together with the image reconstruction. Towards this
goal, the D-HAN comprises three main sequential stages: four
dense layers for shearing estimation, a deep-unfolding-based
network to embody SCI’s sensing model, and a U-net [60]
that works as a filter. The second stage is developed from
the structure of an alternating direction method of multipliers
(ADMM) [61]. It is used to integrate SCI’s major operations with
a mathematical coherence, which are emulated as three custom
layers constructed by using the coded aperture and the shear-
ing function. These two trainable structures are modeled via a
binarization and polynomial approximation. For training, these
two constraints are respectively represented as a coded-aperture
design layer and a set of dense layers, both of which receive
the compressed measurement as input. Using this approach,
the D-HAN optimizes the coded aperture based on the training
data and outputs the ad-hoc shearing estimation from the dense
layers.

In this section, we will provide a detailed theoretical descrip-
tion and simulation to show D-HAN’s multi-faceted supervision
to SCI by optimizing the coded aperture, evaluating the shearing
operation, and reconstructing 3D datacubes. In Sections IV and
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Fig. 1. Schematic of deep-learning supervised snapshot compressive imaging
(DS-SCI) using the deep high-dimensional adaptive net (D-HAN).

V, we will experimentally demonstrate the D-HAN in both
spectral and temporal SCI.

A. D-HAN-Supervised System Design

To optimize the coded aperture, we adapt the approach in
Ref. [62]. The pixel values in the coded aperture are denoted by
θix,iy , where ix = {0, . . . , Nx − 1} and iy = {0, . . . , Ny − 1}
are initialized with random values and trained by the D-HAN.
Notice that θix,iy are not set to be binary; instead, a binarization
version is estimated via a sigmoid functionCix,iy = 1

1+e
−θix,iy

.

This approach avoids the gradient vanishing and promotes the
influence of the forward model in the coded-aperture design.
Finally, a constraint function T(·), whose minima are obtained
uniquely when Cix,iy are 0 or 1, is used to generate the binary
coded aperture by

T (C) =
∑
ix,iy

(
Cix,iy

)2(
Cix,iy − 1

)2
. (3)

In the training stage, the layer that designs the coded aperture is
located at the beginning of the D-HAN (shown in dark green in
Fig. 1).

To better sense the shearing operation, rather than a linear
function (with a unity slope and a zero offset) in traditional
CNNs, we model it as a polynomial function as

Γa (z) = z +
K−1∑
k = 0

akz
k, (4)

where K ∈ N is the polynomial degree, ak ∈ R represents the
polynomial weights with a ∈ RK , and z = {0, . . . , NL − 1}
represents the variable of the third dimension. In (4), the first
term models the linear shearing function while the second term

models the nonlinear deviation in the shearing operation. Typi-
cally, nonlinear shearing functions have only a small deviation
from the linear ones. Thus, these functions, sharing similar math-
ematical characteristics to those of the linear shearing functions,
are monotone, continuous, and smooth. Thus, a polynomial
function is used to model nonlinear shearing functions. In our
work, we used the fourth degree (i.e.,K = 4) polynomial, which
can accurately approximate the many slow-varying functions
with an error of ∼1%. Thus, this polynomial function is mathe-
matically convenient and permits high precision of estimation.
Weight estimation is performed by a set of four dense layers with
a sigmoid activation function (Fig. 1). The first layer receives
the compressed measurement as an input, and the last layer
returns the estimated shearing weights ã, corresponding to (4).
These values are relayed to the direct sensing operator layers,
the inverse operator layer, and the transposed operator layers.
Located at the D-HAN’s beginning, G(·) emulates the direct
sensing process in the training step from F and a. In addition,
as a fidelity regularizer, another layer of G(·) is added at the
end of D-HAN to estimate a compressed measurement from F̃
and ã. In this way, different from a traditional E2E-CNN with a
single input/output, the D-HAN relies on a tuple of input/output
parameters (i.e., the datacube and the set of weights) in the
system design.

B. D-HAN-Supervised Image Reconstruction

In the D-HAN, the image reconstruction relies on the joint
effort of three sequential stages: the dense layers for shearing
estimation, a set of parallel layers emulating the closed-form
solution of SCI’s inverse problem modeled by the ADMM, and
the U-net structure [60]. The dense layers output the estimated
shearing weights (denoted by ã). To avoid the gradient vanishing
in the dense layers, a direct connection is set between these
dense layers and the sensing operator layer located at the end of
the D-HAN. By regularizing the compressed measurement, this
connection increases the fidelity of the estimated shearing func-
tion. Meanwhile, the parallel layers and the U-net manifest the
“splitting-and-optimization” approach embedded in the ADMM
with mathematical coherence.

The ADMM-based inverse problem is incorporated by using
the Eckstein and Bertsekas lemma [63], which is expressed as

{f ,w} = argminf ,w
μ
2 ‖w − f − d‖22 + P1 (f) + P2 (w) .

(5)
Here, P1(·) : Rn → R̄, P2(·) : Rq → R̄ with q ∈ N as an

arbitrary constant.w ∈ Rq×1 is a splitting variable that serves as
the argument of P2(·) with w = If , where I is the identity ma-
trix with an arbitrary size. μ ≥ 0 is called the AL penalty param-
eter. d ∈ Rn×1 is the Lagrange multiplier vector. To integrate
this ADMM structure into the D-HAN, P1 (f) = ‖Φf − g‖22
is established with Φ generated via (2) and (4), and P2(w) is
relegated to an arbitrary function where its structure is irrelevant
in our approach. Then, (5) is decoupled into two analytical
inverse models

f = argminf ||Φf − g||22 +
μ

2
||w − f − d||22, and
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w = argminw P2 (w) +
μ

2
‖w − f − d‖22. (6)

Note that in (6), the analytical inverse model of f refers
to a quadratic problem, while the analytical model of w is
a denoising problem. To solve the first inverse model in (6),
we exploit the Sherman Woodbury Morrison (SWM) matrix
inversion lemma [64] and the full-column rank properties to
obtain the closed-form solution that simultaneously involves
the sensing process, the sensing matrix conditionality, and the
gradient solution:

f = μ̃−1
[
I−ΦT

[
μ̃I+ΦΦT

]−1
Φ
] [

ΦTg+μ̃−1 (w−d)
]
,

(7)
where ΦΦT ∈ Rm×m represents a matrix product resulting in
a diagonal matrix and μ̃ = μ/2.

To construct the D-HAN using (7), the first step is to define
the operators of SCI’s data acquisition using the 3D scene, the
coded aperture, and shearing coefficients. First, for the direct
sensing process (whose layer is shown in magenta in Fig. 1), the
operator is expressed by

G (F,C,a) =
NL−1∑
il=0

R (Γa (il) , F:,:,il ◦C) . (8)

Here, G(·) : RNx×Ny×NL → RNx×[Ny+γ·(NL−1)] is the
direct sensing operator. The operator R(·) : RNx×Ny →
RNx×[Ny+γ·(NL−1)] introduces a right-horizontal circular
shifting of Γa(il) pixels to a right-zero-padded version
of the compressed measurement (i.e., [F:,:,il ,0]with
0 ∈ RNx×[γ·(NL−1)]).

Then, the transpose sensing operator (whose layer is shown
in red in Fig. 1) is defined as

F (G,C,a) = S (Γa (il) ,G ◦ R (Γa (il) ,C)) . (9)

Here, F(·) : RNx×[Ny+γ·(NL−1)] → RNx×Ny×NL is an oper-
ator that returns a datacube from a 2D compressed measurement.
S(·) is an operator of left-horizontal circular shifting of Γa(il)
pixels and then removes the last γ · (NL − 1) columns in the
resulting shifted matrix.

Finally, the inverse operator (whose layer is shown in brown
in Fig. 1) is defined as

I (G,C,a) = G ◦
[
NL−1∑
il= 0

R (
Γa (il) ,C

◦2)+ μ̃I

]−◦1

. (10)

Here I(·) : RNx×[Ny ·γ·(NL−1)] → RNx×[Ny+γ·(NL−1)]. (·)◦2
and (·)◦−1 represent the Hadamard quadratic power and the
Hadamard inverse operation, respectively.

Following the definition of these three SCI operators, the next
step is to model the SWM matrix approach in (7). Toward this
goal, (7) is split into two main equations ΦTg + μ̃−1(w − d)
and μ̃−1I− μ̃−1ΦT [μ̃I+ΦΦT ]−1Φ. In the D-HAN, the first
equation is reflected as a transpose operator coupled to two
2D convolutional layers (shown in cyan in Fig. 1), each of
which with a ReLU activation function (referred to hereafter as a
conventional+ReLU layer). Subsequently, the second equation
is represented by two parallel arms. The upper arm, corre-
sponding to μ̃−1ΦT [μ̃I+ΦΦT ]−1Φ, is composed of the direct

sensing operator as a first layer followed by an inverse and trans-
pose sensing operator along with four 2D convolutional+ReLU
layers. The bottom arm, which corresponds to μ̃−1I, has three
2D convolutional+ReLU layers. The outputs of both arms are
subtracted and given as the input to the U-net in the D-HAN that
reflects the second equation in (6). The output from this section
is the reconstructed datacube (denoted by F̃).

The loss function L(·), used to learn D-HAN’s weights, is
established as

L
(
C̃,F,a

)
= l1

(
F, F̃

)
+ l1

(
G, G̃

)
+ l1 (a, ã)

+ lSSIM

(
F, F̃

)
+T

(
C̃
)
, (11)

where (F̃, G̃, C̃, ã) are the D-HAN outputs, l1 is the l1-norm,
and lSSIM(·) represents the structural similarity index measure
metric. At inference in simulation, the D-HAN is run withF and
a sampled from a test set. For experiments, the parameters from
learning are directly translated from simulation to hardware.

IV. SIMULATION OF D-HAN IN SCI

We used five popular databases for simulations: “SumMe”
[65], “Need for Speed” [66], “Sports Videos in the Wild” [67],
“Sparse Recovery of Hyperspectral Signal from Natural RGB
Images” [68], and “Challenge on Spectral Reconstruction from
RGB Images” [69]. All simulations were implemented in Ten-
sorflow and trained on Google Colaboratory with a Tesla P100-
PCI-E GPU using the ADAM optimizer [70]. To train the coded
aperture and the shearing weights, we randomly selected and
cropped 1000 datacubes with Nx × Ny = 256×256 and NL =
25. Based on (4), the nonlinear deviation in the shearing operator
was modeled using a fourth-degree polynomial function (i.e.,
K = 4), where the weights were initiated randomly. After the
training, the same coded aperture was used to reconstruct the
underlying datacube and the shearing weights.

We conducted comprehensive ablation studies on how the
terms l1(F, F̃), lSSIM(F, F̃), and l1(F, F̃) + lSSIM(F, F̃) in the
loss function [i.e., (11)] would affect the performance of D-
HAN in reconstruction (Supplementary Note 1 and Fig. S1).
The investigation of l1(F, F̃) + lSSIM(F, F̃) was inspired by
Ref. [71]. Results show that implementing the l1(F, F̃) +
lSSIM(F, F̃),which integrates the robust training capability of
l1(F, F̃) and the ability to preserve the detailed features using
lSSIM(F, F̃), allows the D-HAN to exceed reconstruction per-
formance when these two terms are considered individually by
1.15 dB and 0.63 dB, respectively (Table S1). For this ablation
analysis, the terms concerning the coded aperture optimization
and shearing estimation were deliberately set aside because
removing any of them led to D-HAN’s divergence.

We evaluated D-HAN’s performance by the impact of the de-
signed coded aperture on the sensing model, the accuracy of the
estimated shearing function, and the quality of reconstruction.
For the first analysis, Fig. 2(a) illustrates a visual comparison
between a conventional random coded aperture and the one
designed by the D-HAN. We calculated 2D cross-correlation
between different compressed measurements using these two
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Fig. 2. Demonstration of the D-HAN in simulation. (a) Conventional random coded aperture (CA) and optimized one designed by the D-HAN. Red boxes:
Closeups of a local area. (b) 2D cross-correlations of compressed measurements for four configurations. (c) Analysis of four different shearing functions. GT,
ground truth. (d) Comparison of peak signal-to-noise ratios (PSNRs) of the results reconstructed by the D-HAN by turning on and off the shearing estimation for
the four shearing functions used in (c). (e) Comparison of reconstructed image quality of a “Bird” scene using the D-HAN without and with shearing estimation.

coded apertures in 100000 executions [referred to as “Opti-
mized” and “Random” in Fig. 2(b)], where the compressed
measurements were obtained by developing a data augmenta-
tion. A unit-slope, zero-offset linear shearing function was used
to compute these compressed measurements. We also included
two well-known and ill-posed scenarios: no coded aperture but
with linear shearing [referred to as “No CA” in Fig. 2(b)] and no
coded aperture and no shearing [referred to as “No CA and no
shearing” in Fig. 2(b)]. The result shows high cross-correlation
values of 0.95 and 0.90 for the scenarios without using a coded
aperture. Conventional random coded aperture reduces the value
of 2D cross-correlation to 0.80. The optimized coded aperture
further decreases the value to 0.65, which verifies its supe-
rior performance in mitigating the issue of ambiguity in com-
pressed measurements generated from closely related datacubes
[72]–[74]. Furthermore, we analyzed these two coded apertures
in the spatial frequency domain (Supplementary Note 2). As
shown in Fig. S2, the spatial frequency spectra show that the
optimized coded aperture prioritizes the high-frequency features
and suppresses low-frequency components. To better compre-
hend the influence of this characteristic, we calculated the 2D
cross-correlation average value for the optimized coded aperture
and the random one, resulting in 0.4903 and 0.5030, respectively.
These results echo the claims presented in Fig. 2(b) as well as
literature [75]–[77]. Thus, the optimized coded aperture leads
to a more incoherent encoding operation, which contributes to
better image quality in reconstruction.

For the second analysis, we tested four shearing functions
with weights of a0 = 0, a1 ∈ {0.8, 0.85, 0.9, 0.95}, a2 =
−0.0072, and a3 = 0.0013 using 400 different scenes. The

relative errors between the ground truth (GT) and the cor-
responding estimations were calculated to quantify accuracy,
which yielded an average error and a standard deviation of 0.16%
and 0.21%, respectively [Fig. 2(c)]. To further validate D-HAN’s
accurate sensing of the shearing operation, we compared peak
signal-to-noise ratios (PSNRs) of the reconstructions of these
scenes by using these four shearing functions with and without
shearing estimation [Fig. 2(d)]. The D-HAN gains up to 8 dB
and reduces the standard deviation by up to 1 dB on average
with shearing estimation [refer to as “On” in Fig. 2(d)] with
respect to the reconstruction without shearing estimation [refer
to as “Off” in Fig. 2(d)] trained using a linear shearing function
(i.e., ak = 0) and a conventional random coded aperture, which
is the configuration currently used in many state-of-the-art SCI
reconstruction algorithms.

To further investigate the effectiveness of D-HAN, we carried
out an ablation analysis of the coded aperture and the shearing
function (Supplementary Note 3 and Fig. S3). The results,
echoing Fig. 2(c)–(e), show the necessity of implementing
shearing estimation status and the optimized coded aperture for
high-quality reconstruction. Moreover, D-HAN’s reconstruction
shows comparable performance with the GT where the shear-
ing function is made known to the reconstruction algorithm
(Table S2). This analysis demonstrates D-HAN’s high-quality
reconstruction without pre-calibration. This robustness also
proves D-HAN’s shearing estimation to be a viable strategy for
SCI.

To further compare the image quality, a representative recon-
structed result of the “Bird” scene (with a1 = 0.8) is shown
in Fig. 2(e). In particular, three selected frames of the GT
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Fig. 3. Single-shot imaging of fast-moving ball patterns using D-HAN-
supervised temporal SCI. (a) Schematic of the experimental setup. (b) Compari-
son of the GT with the reconstructions by the D-HAN without and with shearing
estimation. (c) Time courses of relative errors of each ball’s centroid traced by
using the D-HAN without and with shearing estimation. (d) Comparison of the
estimated shearing function with the GT and the estimation output from the
D-HAN. A linear function is also plotted as a reference.

are compared with their corresponding frames reconstructed
by the D-HAN without and with shearing estimation. An RGB
composited version is also included to highlight the changes in
the third dimension. The full movie is shown in Video S1. The
D-HAN produces a higher reconstructed image quality than the
result without shearing estimation, showing fewer artifacts in
the background and better preservation of the bird’s eye. These
results reveal that the incorporation of modeling the nonlinear
deviation in the shearing operation results in a more robust
CNN with the potential to sense hardware’s behavior in the SCI
system.

Finally, we compared D-HAN’s reconstruction performance
with two state-of-the-art SCI-CNNs (i.e., the TSA-net and
DGSM method [50], [51]) and one analytical-modeling-based
method (i.e., PnP-ADMM [2]) (Supplementary Note 4 and Fig.
S4). For compressive measurements generated using a linear
shearing function, the D-HAN is comparable to the best per-
formance of these methods. In the case of a nonlinear shearing
function, the D-HAN slightly decreases its performance while
the competing methods manifest considerable degradations of
averaged PSNR of 3–10 dB (Table S3). Finally, the D-HAN
exhibits higher computational efficiency and less computational
complexity, compared to the three competing algorithms. This
result proves the D-HAN’s competitiveness with recent recon-
struction methods in SCI.

V. IMPLEMENTATION OF D-HAN IN SCI SYSTEMS

A. Experimental Demonstration in Temporal SCI

To demonstrate the D-HAN’s capability of multi-faceted
supervision in SCI, we conducted experimental validations
using two representative modalities. First, for temporal SCI,
we implemented the D-HAN in a compressed optical-streaking
ultrahigh-speed photography (COSUP) system [28] [Fig. 3(a)].
To generate an ultrahigh-speed scene that matched the COSUP’s
speed, binary-pattern sequences, multiplied with the optimized
coded aperture [i.e., Fig. 2(a)], were displayed by a digital mi-
cromirror device [DMD, (Digital Light Innovations, D4100 7”
VIS XGA)] at 20 kfps. Each encoding pixel occupied 4×4 DMD
pixels. A collimated 532-nm laser beam from a continuous-
wave laser (M-squared, EQUINOX) shone onto the DMD at
an incident angle of ∼24°. The spatially encoded scene was
imaged by Lens 1 (Thorlabs, AC254-075-A) to the intermediate
image plane with a 1× magnification ratio. An iris (Thorlabs,
ID20) was placed on the back focal plane of Lens 1 for spatial
filtering. Then, the intermediate image was relayed onto a CMOS
camera (FLIR, GS3-U3-23S6M-C) by a 4f and a GS (Thorlabs,
GVS-001) that was placed at its Fourier plane for temporal
shearing. Finally, the spatially encoded and temporally sheared
scene was spatiotemporally integrated by the CMOS camera to
form a compressed measurement with a size of up to 208×307
binned CMOS pixels (5.86 µm × 5.86 µm pixel size, 4×4
binning). After data acquisition, the D-HAN reconstructed a
datacube with the size of Nx ×Ny = 208 × 208 pixels and
a sequence depth of NL = {50, 100} frames. The imaging
speed, controlled by the CMOS camera (5 ms exposure) and
the sinusoidal signal (60 Hz frequency, 1.12 V peak-to-peak
voltage) applied to the GS (with a deflection rate of 4 °/V), was
20 kfps.

To demonstrate D-HAN’s ability to estimate the shearing
function, we imaged an animation of three moving balls. The
radii of these balls were also slightly varied in time. The si-
nusoidal signal applied to the GS was intentionally set to a
nonlinear zone. The shearing weights, verified by calibration
(detailed in Supplementary Note 5 and Fig. S5), were a0 =
0, a1 = 0.175, a2 = −0.007, and a3 = 3.6× 10−5. The
D-HAN reconstructed aNx ×Ny × NL = 208×208×100 dat-
acube and estimated the shearing operation. The full evolution
is included in Video S2. Fig. 3(b) shows a comparison of the GT
with reconstructions of the D-HAN without and with shearing
estimation. Without shearing estimation, the reconstruction fails
to recover the balls when the shearing function deviates from
the linear function at the end of the sequence. In contrast, the
D-HAN accurately recovers the position, size, and shape of each
ball in the entire sequence. To quantitatively analyze D-HAN’s
reconstruction, the centroids of all three balls [labeled in the first
frames of Fig. 3(b)] were traced. The time courses of relative
errors of each centroid in the reconstruction of the D-HAN with-
out and with shearing estimation are presented in Fig. 3(c). The
results show that the D-HAN produces a higher reconstructed
image accuracy than the D-HAN without shearing estimation,
especially in the duration of 4–5 ms. Finally, Fig. 3(d) presents
the precise matching between the shearing function output from
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Fig. 4. Single-shot imaging of fast-rotating spinner patterns using D-HAN-supervised temporal SCI. (a) Six selected frames of the GT and the results reconstructed
by the D-HAN. (b) Traces of the centroids on each ring in the spinner [marked on the bottom-left panel in (a)]. (c) Relative errors of the centroids of each ring
between the GT and the reconstruction. (d) Comparison of the estimated shearing function output from the D-HAN with the GT. A linear function is also plotted
as a reference.

the D-HAN to the GT obtained in the calibration. The average
error in shearing function estimation was calculated to be 1%.
The results show D-HAN’s robustness in accurately sensing the
GS’s shearing behavior and recovering SCI measurements of
nonlinear shearing.

To further demonstrate D-HAN with a real-world scene, we
imaged a grayscale animation of a rotating spinner using the
same experimental setup shown in Fig. 3(a). An error diffusion
algorithm was implemented to convert each grayscale frame in
the datacube to a binary DMD pattern [78], which was then
multiplied with the optimized coded aperture. The diameter
of the iris was limited to ∼1 mm. In this way, a spatially
encoded high-speed grayscale movie was generated using this
DMD-based image projector [79]. Here, the sinusoidal signal
applied to the GS was the same as the one used in imaging the
moving-ball patterns. However, the camera’s exposure time was
reduced from 5 ms to 2.5 ms to generate a slight deviation from
linear shearing. The imaging speed was kept at 20 kfps while
the sequence depth was reduced to NL = 50 frames. Fig. 4(a)
presents six selected frames of the GT and the corresponding
reconstruction by the D-HAN (the full movie is included in
Video S3). Time courses of the traced centroids on the three
rings on the spinner [Fig. 4(b)–(c)] show average relative errors
of ∼2%. Besides the accurate reconstruction, the D-HAN could
also precisely output the shearing function [Fig. 4(d)] with an
average error of ∼1%.

Finally, to show D-HAN’s ability to image complex scenes
with moving subjects, we conducted simulations using ten
videos captured with the commercially available cameras [67].
For this analysis, we followed the ablation structure presented
in Supplemental Note 3. The full video of these results is shown
in Video S4. These results were obtained from compressed
measurements generated using an optimized coded aperture and

a random one, when they are used with and without shearing
estimation. This analysis also included the baseline result (i.e.,
with a known shearing function and the optimized coded aper-
ture). D-HAN’s result has a comparable reconstruction quality
to the baseline result, which demonstrates its high potential to
reconstruct real-world dynamic scenes.

B. Experimental Demonstration in Spectral SCI

For spectral SCI, we implemented the D-HAN in a coded
aperture snapshot spectral imaging (CASSI) system [Fig. 5(a)].
This system used a matched achromatic doublet pair (Thorlabs,
MAP10100100-A) to image a hyperspectral scene onto a DMD
(Texas Instruments, D4120) for spatial encoding. Each encoding
pixel occupied 2×2 DMD pixels. Then, a standard relay lens
(Thorlabs, AC254-100-A-ML) and a customized double Amici
prism coupled to a rotation mount (Thorlabs, CRM1P) were
used to image the spatially encoded and spectrally sheared scene
to a monochrome CCD camera (AVT, Stingray F-145B). By
calibrating the prism’s shearing effect (see Supplementary Note
6 and Fig. S6), we determined the GT of shearing weights be
a0 = 0, a1 = 1.22, a2 = −0.0072, and a3 = 0.0011.

The experiment evaluated the “Tayrona” scene. The com-
pressed measurement exhibited 256× 280 binned CCD pixels
(6.45 µm × 6.45 µm pixel size, 2×2 binning) in size. The re-
construction recovered a hyperspectral datacube of Nx ×Ny ×
NL = 256× 256× 25 in size. Fig. 5(b) depicts representative
frames and the RGB composite of the reconstruction. Moreover,
Fig. 5(c) shows the comparison of reconstructed spectra of two
selected points [marked as p1 and p2 in the top-right panel in
Fig. 5(b)] with respect to the GT measured with a spectrometer
(Ocean Optics, Flame S-VIS-NIR-ES). The high resemblance of
the two spectra is reflected by the small spectral angle mapper
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Fig. 5. Single-shot imaging of a hyperspectral “Tayrona” scene using D-HAN-
supervised spectral SCI. (a) Schematic of the experimental setup. (b) Com-
pressed measurement as well as eight selected frames and the RGB composite
from the reconstruction. (c) Spectral intensity profiles at two selected points
[marked in the RGB image in (b)] in the GT and the reconstruction. (d) Estimated
shearing function from D-HAN with the GT. A linear function is also plotted as
a reference analysis.

values of 2.9° for p1 and 2.6° for p2. Finally, Fig. 5(d) shows
the estimated shearing function output from the D-HAN. The
average error to the GT was calculated to be ∼1%.

Finally, to demonstrate the importance of the optimized coded
aperture to D-HAN’s reconstruction, four additional scenes
were acquired in the CASSI system using the random coded
aperture and optimized one. As shown in the first row in Fig.
S7, compared to the results from the random coded aperture, the
compressed measurements generated by the optimized coded
aperture show a more uniform pixel intensity distribution and
a higher dynamic range, both of which promote an optimal
distribution of the information on the sensor. Leveraging this
advantage, the compressed measurements acquired using the
optimized coded aperture are more robust to additive noise
effects, which transfer to superior reconstructed image quality
(Fig. S7 and Video S5).

VI. CONCLUSION

We have developed the D-HAN that provides multi-faceted
supervision to an SCI system. This new E2E-CNN integrates
optimization of the coded aperture, estimation of the shear-
ing function, and reconstruction of the 3D datacube in one
framework. Numerical simulations verify the feasibility of
the proposed paradigm (Section III) with an optimized coded
aperture applicable to diverse scenes, accurate estimation of
nonlinear shearing functions, and enhanced image reconstruc-
tion capability. Finally, the D-HAN is successfully implemented

in two representative SCI systems (i.e., COSUP and CASSI)
for ultrahigh-speed imaging and hyperspectral imaging (Sec-
tions IV and V).

D-HAN’s architecture is highly suitable for solving the in-
verse problem in SCI. First, the ADMM-based inverse problem
is implemented into the first three blocks in the D-HAN (Fig. 1)
to promote a higher resonance between the D-HAN’s weights
and the coded aperture design. In particular, a set of two parallel
layers are built to model the direct sensing, transpose process,
and inverse operations involved in SCI’s inverse problems [see
(8)–(10)]. Moreover, matrix inversion is solved by taking ad-
vantage of the SWM formula and the SCI’s diagonal matrix
property [see (8)]. The four dense layers, which estimate the
shearing function directly from the compressed measurement,
are connected to the sensing operator layer located at the end
of the D-HAN. Finally, the SCI’s direct sensing operator is
added at the end of D-HAN to regularize the estimated shearing
weights. From this perspective, distinct from previous works, the
D-HAN-supervised SCI can adapt the actual shearing function
in retrieving the 3D datacube. This attractive feature, along with
its optimized coded aperture, results in a more robust CNN with
higher reconstructed image quality.

The D-HAN is expected to improve the reliability and sta-
bility of a variety of SCI modalities. Besides the enhanced
performance of coded aperture and augmented capability of
image reconstruction, its ability to sense the shearing func-
tion will provide on-time feedback on the necessity of system
re-alignment, protocol re-calibration, and device replacement.
More importantly, D-HAN will allow taking into consideration
many experimental imperfections that are difficult to control,
such as the flicker noise of a spatial light modulator in a CASSI
system [74] and the electronic jitter of a GS in a COSUP system
[26], which will boost its capability of capturing real-world
scenes. Moreover, as a CNN based on deep unfolding methods,
the D-HAN could be adapted to the shearing models of other
SCI sensing modalities, such as coded-aperture compressive
temporal imaging and dual-dispersive CASSI, by rewriting the
sensing operators. Besides spectral and temporal SCI modal-
ities [80]–[84], many other SCI methods in three-dimensional
profilometry [85] and light field photography [86] could be bene-
fited. Finally, the D-HAN’s multi-faceted supervision paradigm
could be extended to other deep unfolding frameworks, such
as the generalized alternating projection method [37] or the
iterative shrinkage/thresholding algorithm [87]. All these topics
are promising directions for future research.

REFERENCES

[1] X. Yuan, D. J. Brady, and A. K. Katsaggelos, “Snapshot compressive imag-
ing: Theory, algorithms, and applications,” IEEE Signal Process. Mag.,
vol. 38, no. 2, pp. 65–88, Feb. 2021, doi: 10.1109/MSP.2020.3023869.

[2] Y. Lai et al., “Single-shot ultraviolet compressed ultrafast photogra-
phy,” Laser Photon. Rev., vol. 14, no. 10, 2020, Art. no. 2000122,
doi: 10.1002/lpor.202000122.

[3] G. R. Arce, D. J. Brady, L. Carin, H. Arguello, and D. S. Kit-
tle, “Compressive coded aperture spectral imaging: An introduction,”
IEEE Signal Process. Mag., vol. 31, no. 1, pp. 105–115, Jan. 2013,
doi: 10.1109/MSP.2013.2278763.

[4] J. Liu, C. Zaouter, X. Liu, S. A. Patten, and J. Liang, “Coded-aperture
broadband light field imaging using digital micromirror devices,” Optica,
vol. 8, no. 2, pp. 139–142, 2021, doi: 10.1364/OPTICA.413938.

Authorized licensed use limited to: Inst Natl de la Recherche Scientific EMT. Downloaded on July 17,2022 at 13:45:58 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/MSP.2020.3023869
https://dx.doi.org/10.1002/lpor.202000122
https://dx.doi.org/10.1109/MSP.2013.2278763
https://dx.doi.org/10.1364/OPTICA.413938


MARQUEZ et al.: DEEP-LEARNING SUPERVISED SNAPSHOT COMPRESSIVE IMAGING 697

[5] T.-H. Tsai and D. J. Brady, “Coded aperture snapshot spectral polar-
ization imaging,” Appl. Opt., vol. 52, no. 10, pp. 2153–2161, 2013,
doi: 10.1364/AO.52.002153.

[6] L. Gao and R. T. Smith, “Optical hyperspectral imaging in microscopy
and spectroscopy–a review of data acquisition,” J. Biophotonics, vol. 8,
no. 6, pp. 441–456, 2015, doi: 10.1002/jbio.201400051.

[7] J. Liang, “Punching holes in light: Recent progress in single-shot coded-
aperture optical imaging,” Rep. Prog. Phys., vol. 83, no. 11, 2020,
Art. no. 116101, doi: 10.1088/1361-6633/abaf43.

[8] J. Liang, P. Wang, L. Zhu, and L. V. Wang, “Single-shot stereo-
polarimetric compressed ultrafast photography for light-speed obser-
vation of high-dimensional optical transients with picosecond res-
olution,” Nature Commun., vol. 11, no. 1, 2020, Art. no. 5252,
doi: 10.1038/s41467-020-19065-5.

[9] C. G. Graff and E. Y. Sidky, “Compressive sensing in med-
ical imaging,” Appl. Opt., vol. 54, no. 8, pp. C23–C44, 2015,
doi: 10.1364/AO.54.000C23.

[10] X. Liu, S. Zhang, A. Yurtsever, and J. Liang, “Single-shot real-time
sub-nanosecond electron imaging aided by compressed sensing: Ana-
lytical modeling and simulation,” Micron, vol. 117, pp. 47–54, 2019,
doi: 10.1016/j.micron.2018.11.003.

[11] C. F. Cull, K. Choi, D. J. Brady, and T. Oliver, “Identification of fluorescent
beads using a coded aperture snapshot spectral imager,” Appl. Opt., vol. 49,
no. 10, pp. B59–B70, 2010, doi: 10.1364/AO.49.000B59.

[12] J. H. Ender, “On compressive sensing applied to radar,” Signal Process.,
vol. 90, no. 5, pp. 1402–1414, 2010, doi: 10.1016/j.sigpro.2009.11.009.

[13] M. V. Afonso, J. M. Bioucas-Dias, and M. A. Figueiredo, “Fast im-
age recovery using variable splitting and constrained optimization,”
IEEE Trans. Image Process., vol. 19, no. 9, pp. 2345–2356, Sep. 2010,
doi: 10.1109/TIP.2010.2047910.

[14] J. Tachella, Y. Altmann, M. Márquez, H. Arguello-Fuentes, J.-Y. Tourneret,
and S. McLaughlin, “Bayesian 3D reconstruction of subsampled multi-
spectral single-photon lidar signals,” IEEE Trans. Comput. Imag., vol. 6,
pp. 208–220, Oct. 2019, doi: 10.1109/TCI.2019.2945204.

[15] M. Marquez, H. Rueda-Chacon, and H. Arguello, “Compressive spectral
imaging via virtual side information,” IEEE Trans. Comput. Imag., vol. 7,
pp. 114–123, Jan. 2021, doi: 10.1109/TCI.2021.3052050.

[16] I. Daubechies, M. Defrise, and C. De Mol, “An iterative thresholding
algorithm for linear inverse problems with a sparsity constraint,” Commun.
Pure Appl. Math.: A J. Issued by Courant Inst. Math. Sci., vol. 57, no. 11,
pp. 1413–1457, 2004, doi: 10.1002/cpa.20042.

[17] M. V. Afonso, J. M. Bioucas-Dias, and M. A. Figueiredo, “An aug-
mented lagrangian approach to the constrained optimization formulation
of imaging inverse problems,” IEEE Trans. Image Process., vol. 20, no. 3,
pp. 681–695, Mar. 2010, doi: 10.1109/TIP.2010.2076294.

[18] X. Liu et al., “Single-shot real-time compressed ultrahigh-speed imaging
enabled by a snapshot-to-video autoencoder,” Photon. Res., vol. 9, no. 12,
pp. 2464–2474, 2021, doi: 10.1364/PRJ.422179.

[19] U. Schmidt and S. Roth, “Shrinkage fields for effective image restora-
tion,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun. 2014,
pp. 2774–2781.

[20] A. Barbu, “Training an active random field for real-time image denoising,”
IEEE Trans. Image Process., vol. 18, no. 11, pp. 2451–2462, Nov. 2009,
doi: 10.1109/TIP.2009.2028254.

[21] Y. Chen, W. Yu, and T. Pock, “On learning optimized reaction diffusion
processes for effective image restoration,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., Jun. 2015, pp. 5261–5269.

[22] B. Xin, Y. Wang, W. Gao, D. Wipf, and B. Wang, “Maximal sparsity with
deep networks?,” Adv. Neural Inf. Process. Syst., vol. 29, pp. 4347–4355,
2016.

[23] K. Gregor and Y. LeCun, “Learning fast approximations of sparse coding,”
in Proc. 27th Int. Conf. Int. Conf. Mach. Learn., 2010, pp. 399–406,
doi: 10.5555/3104322.3104374.

[24] M. Iliadis, L. Spinoulas, and A. K. Katsaggelos, “Deep fully-connected
networks for video compressive sensing,” Digit. Signal Process., vol. 72,
pp. 9–18, 2018, doi: 10.1016/j.dsp.2017.09.010.

[25] M. Iliadis, L. Spinoulas, and A. K. Katsaggelos, “Deepbinarymask: Learn-
ing a binary mask for video compressive sensing,” Digit. Signal Process.,
vol. 96, 2020, Art. no. 102591, doi: 10.1016/j.dsp.2019.102591.

[26] L. Wang, T. Zhang, Y. Fu, and H. Huang, “Hyperreconnet: Joint coded aper-
ture optimization and image reconstruction for compressive hyperspectral
imaging,” IEEE Trans. Image Process., vol. 28, no. 5, pp. 2257–2270,
May 2018, doi: 10.1109/TIP.2018.2884076.

[27] C. Yang et al., “Optimizing codes for compressed ultrafast photography
by the genetic algorithm,” Optica, vol. 5, no. 2, pp. 147–151, 2018,
doi: 10.1364/OPTICA.5.000147.

[28] X. Liu, J. Liu, C. Jiang, F. Vetrone, and J. Liang, “Single-shot compressed
optical-streaking ultra-high-speed photography,” Opt. Lett., vol. 44, no. 6,
pp. 1387–1390, Mar. 2019, doi: 10.1364/OL.44.001387.

[29] Y. Lai et al., “Compressed ultrafast tomographic imaging by passive
spatiotemporal projections,” Opt. Lett., vol. 46, no. 7, pp. 1788–1791,
Apr. 2021, doi: 10.1364/OL.420737.

[30] X. Lin, G. Wetzstein, Y. Liu, and Q. Dai, “Dual-coded compressive
hyperspectral imaging,” Opt. Lett., vol. 39, no. 7, pp. 2044–2047, 2014,
doi: 10.1364/OL.39.002044.

[31] M. H. Kim et al., “3D imaging spectroscopy for measuring hyperspectral
patterns on solid objects,” ACM Trans. Graph., vol. 31, no. 4, 2012,
Art. no. 38, doi: 10.1145/2185520.2185534.

[32] X. Cao et al., “Computational snapshot multispectral cameras: Toward
dynamic capture of the spectral world,” IEEE Signal Process. Mag., vol. 33,
no. 5, pp. 95–108, May 2016, doi: 10.1109/MSP.2016.2582378.

[33] H. Arguello, H. Rueda, Y. Wu, D. W. Prather, and G. R.
Arce, “Higher-order computational model for coded aperture spec-
tral imaging,” Appl. Opt., vol. 52, no. 10, pp. D12–D21, 2013, doi:
10.1364/AO.52.000D12.

[34] K. Kulkarni, S. Lohit, P. Turaga, R. Kerviche, and A. Ashok, “Reconnet:
Non-iterative reconstruction of images from compressively sensed mea-
surements,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 449–458.

[35] K. H. Jin, M. T. McCann, E. Froustey, and M. Unser, “Deep con-
volutional neural network for inverse problems in imaging,” IEEE
Trans. Image Process., vol. 26, no. 9, pp. 4509–4522, Sep. 2017,
doi: 10.1109/TIP.2017.2713099.

[36] U. S. Kamilov and H. Mansour, “Learning optimal nonlinearities for
iterative thresholding algorithms,” IEEE Signal Process. Lett., vol. 23,
no. 5, pp. 747–751, May 2016, doi: 10.1109/LSP.2016.2548245.

[37] Z. Meng, S. Jalali, and X. Yuan, “Gap-net for snapshot compressive
imaging,” Dec. 2020, arXiv:2012.08364.

[38] Z. Wu, J. Zhang, and C. Mou, “Dense deep unfolding network with 3D-
CNN prior for snapshot compressive imaging,” in Proc. IEEE Int. Conf.
Comput. Vis., 2021, pp. 4892–4901.

[39] Z. Meng, Z. Yu, K. Xu, and X. Yuan, “Self-supervised neural networks
for spectral snapshot compressive imaging,” in Proc. IEEE/CVF Int. Conf.
Comput. Vis., 2021, pp. 2622–2631.

[40] V. Monga, Y. Li, and Y. C. Eldar, “Algorithm unrolling: Inter-
pretable, efficient deep learning for signal and image processing,”
IEEE Signal Process. Mag., vol. 38, no. 2, pp. 18–44, Feb. 2021,
doi: 10.1109/MSP.2020.3016905.

[41] L. Wang, C. Sun, M. Zhang, Y. Fu, and H. Huang, “Dnu:
Deep non-local unrolling for computational spectral imaging,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Jun. 2020,
pp. 1661–1671.

[42] S. Zheng et al., “Deep plug-and-play priors for spectral snapshot com-
pressive imaging,” Photon. Res., vol. 9, no. 2, pp. B18–B29, 2021,
doi: 10.1364/PRJ.411745.

[43] S. Jalali and X. Yuan, “Snapshot compressed sensing: Performance bounds
and algorithms,” IEEE Trans. Inf. Theory, vol. 65, no. 12, pp. 8005–8024,
Dec. 2019, doi: 10.1109/TIT.2019.2940666.

[44] J. Chang and G. Wetzstein, “Deep optics for monocular depth estimation
and 3d object detection,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.,
Oct./Nov. 2019, pp. 10193–10202.

[45] V. Sitzmann et al., “End-to-end optimization of optics and image pro-
cessing for achromatic extended depth of field and super-resolution
imaging,” ACM Trans. Graph., vol. 37, no. 4, 2018, Art. no. 114,
doi: 10.1145/3197517.3201333.

[46] S. Su, F. Heide, G. Wetzstein, and W. Heidrich, “Deep end-to-end time-
of-flight imaging,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
Jun. 2018, pp. 6383–6392.

[47] U. Gundogan and F. S. Oktem, “Computational spectral imaging with
diffractive lenses and spectral filter arrays,” in Proc. IEEE Int. Conf. Image
Process., Sep. 2021, pp. 2938–2942.

[48] F. S. Oktem, O. F. Kar, C. D. Bezek, and F. Kamalabadi, “High-resolution
multi-spectral imaging with diffractive lenses and learned reconstruc-
tion,” IEEE Trans. Comput. Imag., vol. 7, pp. 489–504, Apr. 2021,
doi: 10.1109/TCI.2021.3075349.

[49] Z. Xiong, Z. Shi, H. Li, L. Wang, D. Liu, and F. Wu, “Hscnn: Cnn-
based hyperspectral image recovery from spectrally undersampled pro-
jections,” in Proc. IEEE Int. Conf. Comput. Vis. Workshops, Oct. 2017,
pp. 518–525.

[50] Z. Meng, J. Ma, and X. Yuan, “End-to-end low cost compressive spectral
imaging with spatial-spectral self-attention,” in Proc. Eur. Conf. Comput.
Vis., Springer, 2020, pp. 187–204.

Authorized licensed use limited to: Inst Natl de la Recherche Scientific EMT. Downloaded on July 17,2022 at 13:45:58 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1364/AO.52.002153
https://dx.doi.org/10.1002/jbio.201400051
https://dx.doi.org/10.1088/1361-6633/abaf43
https://dx.doi.org/10.1038/s41467-020-19065-5
https://dx.doi.org/10.1364/AO.54.000C23
https://dx.doi.org/10.1016/j.micron.2018.11.003
https://dx.doi.org/10.1364/AO.49.000B59
https://dx.doi.org/10.1016/j.sigpro.2009.11.009
https://dx.doi.org/10.1109/TIP.2010.2047910
https://dx.doi.org/10.1109/TCI.2019.2945204
https://dx.doi.org/10.1109/TCI.2021.3052050
https://dx.doi.org/10.1002/cpa.20042
https://dx.doi.org/10.1109/TIP.2010.2076294
https://dx.doi.org/10.1364/PRJ.422179
https://dx.doi.org/10.1109/TIP.2009.2028254
https://dx.doi.org/10.5555/3104322.3104374
https://dx.doi.org/10.1016/j.dsp.2017.09.010
https://dx.doi.org/10.1016/j.dsp.2019.102591
https://dx.doi.org/10.1109/TIP.2018.2884076
https://dx.doi.org/10.1364/OPTICA.5.000147
https://dx.doi.org/10.1364/OL.44.001387
https://dx.doi.org/10.1364/OL.420737
https://dx.doi.org/10.1364/OL.39.002044
https://dx.doi.org/10.1145/2185520.2185534
https://dx.doi.org/10.1109/MSP.2016.2582378
https://dx.doi.org/10.1364/AO.52.000D12
https://dx.doi.org/10.1109/TIP.2017.2713099
https://dx.doi.org/10.1109/LSP.2016.2548245
https://dx.doi.org/10.1109/MSP.2020.3016905
https://dx.doi.org/10.1364/PRJ.411745
https://dx.doi.org/10.1109/TIT.2019.2940666
https://dx.doi.org/10.1145/3197517.3201333
https://dx.doi.org/10.1109/TCI.2021.3075349


698 IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 16, NO. 4, JUNE 2022

[51] T. Huang, W. Dong, X. Yuan, J. Wu, and G. Shi, “Deep Gaussian scale
mixture prior for spectral compressive imaging,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., Jun. 2021, pp. 16216–16225.

[52] J. M. Bioucas-Dias and M. A. T. Figueiredo, “A new twist: Two-step
iterative shrinkage/thresholding algorithms for image restoration,” IEEE
Trans. Image Process., vol. 16, no. 12, pp. 2992–3004, Dec. 2007,
doi: 10.1109/TIP.2007.909319.

[53] E. J. Candès and M. B. Wakin, “An introduction to compressive sam-
pling,” IEEE Signal Process. Mag., vol. 25, no. 2, pp. 21–30, Feb. 2008,
doi: 10.1109/MSP.2007.914731.

[54] E. Vargas, J. N. Martel, G. Wetzstein, and H. Arguello, “Time-Multiplexed
coded aperture imaging: Learned coded aperture and pixel exposures for
compressive imaging systems,” in Proc. IEEE/CVF Int. Conf. Comput.
Vis., Oct. 2021, pp. 2692–2702.

[55] H. Rueda-Chacon, F. Rojas, and H. Arguello, “Compressive spectral image
fusion via a single aperture high throughput imaging system,” Sci. Rep.,
vol. 11, no. 1, 2021, Art. no. 10311, doi: 10.1038/s41598-021-89788-y.

[56] M. Qiao, Z. Meng, J. Ma, and X. Yuan, “Deep learning for video com-
pressive sensing,” Apl. Photon., vol. 5, no. 3, 2020, Art. no. 030801,
doi: 10.1063/1.5140721.

[57] A. Zhang et al., “Single-shot compressed ultrafast photography based
on U-net network,” Opt. Exp., vol. 28, no. 26, pp. 39299–39310, 2020,
doi: 10.1364/OE.398083.

[58] C. Yang et al., “High-fidelity image reconstruction for compressed ul-
trafast photography via an augmented-Lagrangian and deep-learning
hybrid algorithm,” Photon. Res., vol. 9, no. 2, pp. B30–B37, 2021,
doi: 10.1364/PRJ.410018.

[59] Y. Ma, X. Feng, and L. Gao, “Deep-learning-based image reconstruc-
tion for compressed ultrafast photography,” Opt. Lett., vol. 45, no. 16,
pp. 4400–4403, 2020, doi: 10.1364/OL.397717.

[60] O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional
networks for biomedical image segmentation,” in Proc. Int. Conf.
Med. Image Comput. Comput.-Assist. Intervention, Springer, 2015,
pp. 234–241.

[61] S. Boyd, N. Parikh, E. Chu, B. Peleato, and J. Eckstein, “Distributed
optimization and statistical learning via the alternating direction method
of multipliers,” Foundations Trends Mach. Learn., vol. 3, no. 1, pp. 1–122,
2011, doi: 10.1561/2200000016.

[62] J. Bacca, L. Galvis, and H. Arguello, “Coupled deep learning coded
aperture design for compressive image classification,” Opt. Exp., vol. 28,
no. 6, pp. 8528–8540, 2020, doi: 10.1364/OE.381479.

[63] J. Eckstein and D. P. Bertsekas, “On the douglas—Rachford split-
ting method and the proximal point algorithm for maximal mono-
tone operators,” Math. Program., vol. 55, no. 1, pp. 293–318, 1992,
doi: 10.1007/BF01581204.

[64] W. W. Hager, “Updating the inverse of a matrix,” SIAM Rev., vol. 31, no. 2,
pp. 221–239, 1989, doi: 10.1137/1031049.

[65] M. Gygli, H. Grabner, H. Riemenschneider, and L. V. Gool, “Creating
summaries from user videos,” in Proc. Eur. Conf. Comput. Vis., Springer,
2014, pp. 505–520.

[66] H. Kiani Galoogahi, A. Fagg, C. Huang, D. Ramanan, and S. Lucey, “Need
for speed: A benchmark for higher frame rate object tracking,” in Proc.
IEEE Int. Conf. Comput. Vis., Oct. 2017, pp. 1125–1134.

[67] S. M. Safdarnejad, X. Liu, L. Udpa, B. Andrus, J. Wood, and D. Craven,
“Sports videos in the wild (SVW): A video dataset for sports analysis,”
in Proc. 11th IEEE Int. Conf. Workshops Autom. Face Gesture Recognit.,
vol. 1, May 2015, pp. 1–7, doi: 10.1109/FG.2015.7163105.

[68] B. Arad and O. Ben-Shahar, “Sparse recovery of hyperspectral signal from
natural RGB images,” in Proc. Eur. Conf. Comput. Vis., Springer, 2016,
pp. 19–34.

[69] B. Arad, R. Timofte, O. Ben-Shahar, Y.-T. Lin, and G. D. Finlayson,
“Ntire 2020 challenge on spectral reconstruction from an rgb image,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. Workshops, 2020,
pp. 446–447.

[70] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
in Proc. Int. Conf. Learn. Representations, 2015, pp. 1–15.

[71] H. Zhao, O. Gallo, I. Frosio, and J. Kautz, “Loss functions for image
restoration with neural networks,” IEEE Trans. Comput. Imag., vol. 3,
no. 1, pp. 47–57, Jan. 2016, doi: 10.1109/TCI.2016.2644865.

[72] C. Kwan, D. Gribben, and T. Tran, “Tracking and classification
of multiple human objects directly in compressive measurement do-
main for low quality optical videos,” in Proc. IEEE 10th Annu.
Ubiquitous Comput., Electron. Mobile Commun. Conf., Oct. 2019,
pp. 0488–0494.

[73] H. Jiang, C. Li, R. Haimi-Cohen, P. A. Wilford, and Y. Zhang, “Scalable
video coding using compressive sensing,” Bell Labs Tech. J., vol. 16, no. 4,
pp. 149–169, 2012, doi: 10.1002/bltj.20539.

[74] R. G. Baraniuk, V. Cevher, M. F. Duarte, and C. Hegde, “Model-based com-
pressive sensing,” IEEE Trans. Inf. Theory, vol. 56, no. 4, pp. 1982–2001,
Apr. 2010, doi: 10.1109/TIT.2010.2040894.

[75] C. V. Correa, H. Arguello, and G. R. Arce, “Spatiotemporal blue noise
coded aperture design for multi-shot compressive spectral imaging,” JOSA
A, vol. 33, no. 12, pp. 2312–2322, 2016, doi: 10.1364/JOSAA.33.002312.

[76] D. L. Lau and G. R. Arce, Modern Digital Halftoning, 2nd
ed. Boca Raton, FL, USA: CRC Press (Inc.), 2018, pp. 1–686,
doi: 10.1201/9781315219790.

[77] J. Liang, S.-Y. Wu, R. N. Kohn, M. F. Becker, and D. J. Heinzen, “Grayscale
laser image formation using a programmable binary mask,” Opt. Eng.,
vol. 51, no. 10, 2012, Art. no. 108201, doi: 10.1117/1.OE.51.10.108201.

[78] C. Jiang, P. Kilcullen, Y. Lai, T. Ozaki, and J. Liang, “High-speed
dual-view band-limited illumination profilometry using temporally in-
terlaced acquisition,” Photon. Res., vol. 8, no. 11, pp. 1808–1817, 2020,
doi: 10.1364/PRJ.399492.

[79] J. Liang, M. F. Becker, R. N. Kohn, and D. J. Heinzen, “Ho-
mogeneous one-dimensional optical lattice generation using a dig-
ital micromirror device-based high-precision beam shaper,” J. Mi-
cro/Nanolithogr., MEMS, MOEMS, vol. 11, no. 2, 2012, Art. no. 023002,
doi: 10.1117/1.JMM.11.2.023002.

[80] X. Yuan, T.-H. Tsai, R. Zhu, P. Llull, D. Brady, and L. Carin,
“Compressive hyperspectral imaging with side information,” IEEE
J. Sel. Topics Signal Process., vol. 9, no. 6, pp. 964–976, 2015,
doi: 10.1109/JSTSP.2015.2411575.

[81] A. Wagadarikar, R. John, R. Willett, and D. Brady, “Single disperser design
for coded aperture snapshot spectral imaging,” Appl. Opt., vol. 47, no. 10,
pp. B44–B51, 2008, doi: 10.1364/AO.47.000B44.

[82] X. Yuan and S. Pang, “Structured illumination temporal compressive
microscopy,” Biomed. Opt. Exp., vol. 7, no. 3, pp. 746–758, 2016,
doi: 10.1364/BOE.7.000746.

[83] L. Gao, J. Liang, C. Li, and L. V. Wang, “Single-shot compressed ultrafast
photography at one hundred billion frames per second,” Nature, vol. 516,
no. 7529, pp. 74–77, 2014, doi: 10.1038/nature14005.

[84] P. Wang, J. Liang, and L. V. Wang, “Single-shot ultrafast imaging attaining
70 trillion frames per second,” Nature Commun., vol. 11, no. 1, 2020,
Art. no. 2091, doi: 10.1038/s41467-020-15745-4.

[85] M. Qiao, Y. Sun, X. Liu, X. Yuan, and P. Wilford, “Snapshot
optical coherence tomography,” in Digital Holography and Three-
Dimensional Imaging, Bordeaux, France, May 2019, Art. no. W4B.3,
doi: 10.1364/DH.2019.W4B.3. [Online]. Available: http://opg.optica.org/
abstract.cfm?URI=DH-2019-W4B.3

[86] N. Antipa, S. Necula, R. Ng, and L. Waller, “Single-shot diffuser-encoded
light field imaging,” in Proc. IEEE Int. Conf. Comput. Photogr., May 2016,
pp. 1–11, doi: 10.1109/ICCPHOT.2016.7492880.

[87] J. Zhang and B. Ghanem, “ISTA-Net: Interpretable optimization-inspired
deep network for image compressive sensing,” in Proc. IEEE Conf. Com-
put. Vis. Pattern Recognit., Jun. 2018, pp. 1828–1837.

Miguel Marquez received the B.Sc. degree in com-
puter science in 2015, and the M.Sc. degree in applied
mathematics in 2018 from the Universidad Industrial
de Santander, Bucaramanga, Colombia, where he is
currently working toward the Ph.D. degree in physics.
In 2021, he was an Intern with the Institut National
de la Recherche Scientifique (INRS)–Université du
Québec, Quebec City, QC, Canada. His main research
interests include optical and computational imaging,
compressive sensing, high dimensional signal pro-
cessing, and optimization algorithms.

Yingming Lai received the B.Sc. degree in opto-
electronics from the Southern University of Science
and Technology, Shenzhen, China, in 2019, and the
M.Sc. degree in energy and materials science from
the Institut National de la Recherche Scientifique
(INRS)–Université du Québec, Quebec City, QC,
Canada, in 2021. He is currently working toward the
Ph.D. degree with the Laboratory of Applied Compu-
tational Imaging, INRS. His main research interests
include computational imaging, compressive sensing,
and ultrafast optical imaging.

Authorized licensed use limited to: Inst Natl de la Recherche Scientific EMT. Downloaded on July 17,2022 at 13:45:58 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/TIP.2007.909319
https://dx.doi.org/10.1109/MSP.2007.914731
https://dx.doi.org/10.1038/s41598-021-89788-y
https://dx.doi.org/10.1063/1.5140721
https://dx.doi.org/10.1364/OE.398083
https://dx.doi.org/10.1364/PRJ.410018
https://dx.doi.org/10.1364/OL.397717
https://dx.doi.org/10.1561/2200000016
https://dx.doi.org/10.1364/OE.381479
https://dx.doi.org/10.1007/BF01581204
https://dx.doi.org/10.1137/1031049
https://dx.doi.org/10.1109/FG.2015.7163105
https://dx.doi.org/10.1109/TCI.2016.2644865
https://dx.doi.org/10.1002/bltj.20539
https://dx.doi.org/10.1109/TIT.2010.2040894
https://dx.doi.org/10.1364/JOSAA.33.002312
https://dx.doi.org/10.1201/9781315219790
https://dx.doi.org/10.1117/1.OE.51.10.108201
https://dx.doi.org/10.1364/PRJ.399492
https://dx.doi.org/10.1117/1.JMM.11.2.023002
https://dx.doi.org/10.1109/JSTSP.2015.2411575
https://dx.doi.org/10.1364/AO.47.000B44
https://dx.doi.org/10.1364/BOE.7.000746
https://dx.doi.org/10.1038/nature14005
https://dx.doi.org/10.1038/s41467-020-15745-4
https://dx.doi.org/10.1364/DH.2019.W4B.3
http://opg.optica.org/abstract.cfm?URI=DH-2019-W4B.3
http://opg.optica.org/abstract.cfm?URI=DH-2019-W4B.3
https://dx.doi.org/10.1109/ICCPHOT.2016.7492880


MARQUEZ et al.: DEEP-LEARNING SUPERVISED SNAPSHOT COMPRESSIVE IMAGING 699

Xianglei Liu received the B.Sc. degree in optical
information science and technology from Tiangong
University, Tianjin, China, in 2014 and the M.Sc.
degree in optical engineering from the University
of Chinese Academy of Sciences, Beijing, China,
in 2017. He is currently working toward the Ph.D.
degree in energy and materials science with the In-
stitut National de la Recherche Scientifique (INRS)–
Université du Québec, Québec City, QC, Canada. His
research interests include ultrafast imaging, compres-
sive sensing, and optical system design.

Cheng Jiang received the B.E. degree in opto-
electronics information science and engineering from
Zhejiang University, Hangzhou, China, in 2018. He
is currently working toward the Ph.D. degreet in en-
ergy and materials science with the Institut National
de la Recherche Scientifique (INRS)–Université du
Québec, Quebec City, QC, Canada. His research in-
terests inlclude laser beam shaping, machine vision,
and biomedical imaging.

Shian Zhang received the B.S. degree from Fujian
Normal University, Fuzhou, China, in 2001, and the
Ph.D. degree from East China Normal University,
Shanghai, China, in 2006. Then he was with Spectra-
Physics as a Senior Engineer for one year. In 2007, he
joined East China Normal University as an Associate
Professor and became a Full Professor in 2012. In
2008—2009, he was with Arizona State University,
Tempe, AZ, USA, as a Postdoctoral. In 2015—2016,
he was with Washington University, Saint Louis, MO,
USA, as a Visiting Scholar. His research interests

include ultrafast optical imaging, including compressed ultrafast photography
and nonlinear optical microscopic imaging.

Henry Arguello (Senior Member, IEEE) received
the B.Sc. Eng. degree in electrical engineering, the
M.Sc. degree in electrical power from the Universi-
dad Industrial de Santander, Bucaramanga, Colom-
bia, in 2000 and 2003, respectively, and the Ph.D.
degree in electrical engineering from the University
of Delaware, Newark, DE, USA, in 2013. He is cur-
rently an Associate Professor with the Department
of Systems Engineering, Universidad Industrial de
Santander. In first semester 2020, he was a Visiting
Professor with Stanford University, Stanford, CA,

USA, funded by Fulbright. His research interests include high-dimensional
signal processing, optical imaging, compressed sensing, hyperspectral imaging,
and CI.

Jinyang Liang received the B.E. degree in opto-
electronic engineering from the Beijing Institute of
Technology, Beijing, China, in 2007, and the M.S.
and Ph.D. degrees in electrical engineering from the
University of Texas at Austin, Austin, TX, USA, in
2009 and 2012, respectively. From 2012 to 2017, he
was a Postdoctoral Trainee with Washington Uni-
versity in St. Louis, St. Louis, MO, USA, and the
California Institute of Technology, Pasadena, CA,
USA. He is currently an Assistant Professor with
the Institut National de la Recherche Scientifique

(INRS)–Université du Québec, QuébecCity, QC, Canada. His research in-
terests include ultrafast imaging, computational optics, optical physics, and
biophotonics.

Authorized licensed use limited to: Inst Natl de la Recherche Scientific EMT. Downloaded on July 17,2022 at 13:45:58 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


