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Abstract— In the study of compressed sensing (CS), the two
main challenges are the design of sampling matrix and the
development of reconstruction method. On the one hand,
the usually used random sampling matrices (e.g., GRM)
are signal independent, which ignore the characteristics of the
signal. On the other hand, the state-of-the-art image CS methods
(e.g., GSR and MH) achieve quite good performance, however
with much higher computational complexity. To deal with the
two challenges, we propose an image CS framework using
convolutional neural network (dubbed CSNet) that includes
a sampling network and a reconstruction network, which are
optimized jointly. The sampling network adaptively learns the
sampling matrix from the training images, which makes the
CS measurements retain more image structural information
for better reconstruction. Specifically, three types of sampling
matrices are learned, i.e., floating-point matrix, {0,1}-binary
matrix, and {−1, +1}-bipolar matrix. The last two matrices are
specially designed for easy storage and hardware implementation.
The reconstruction network, which contains a linear initial recon-
struction network and a non-linear deep reconstruction network,
learns an end-to-end mapping between the CS measurements
and the reconstructed images. Experimental results demonstrate
that CSNet offers state-of-the-art reconstruction quality, while
achieving fast running speed. In addition, CSNet with {0,1}-
binary matrix, and {−1, +1}-bipolar matrix gets comparable
performance with the existing deep learning-based CS methods,
outperforms the traditional CS methods. Experimental results
further suggest that the learned sampling matrices can improve
the traditional image CS reconstruction methods significantly.

Index Terms— Compressed sensing, deep learning, convolu-
tional neural network, sampling matrix, image reconstruction.

I. INTRODUCTION

THE traditional image acquisition system usually
first acquires a dense set of samples based on the

Nyquist-Shannon sampling theorem [2], of which the
sampling ratio is no less than twice the bandwidth of the
signal, then compresses the signal to remove redundancy
by a computationally complex compression method for
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storage or transmission. However, this kind of image acqui-
sition system may not be favored in some image processing
applications when the data acquisition devices must be
simple (e.g. inexpensive resource-deprived sensors), or when
oversampling can harm the object being captured (e.g.
medical imaging). The emerging technology of compressed
sensing (CS) depicts a new paradigm for image acquisition and
reconstruction that implements the sampling and compression
processes jointly. More specifically, the CS theory [3] shows
that a signal can be recovered from many fewer measurements
than suggested by the Nyquist-Shannon sampling theorem
when the signal is sparse in some domain. It is well known that
image has a large amount of redundant information and can be
well sparsely represented. Therefore, image can be compressed
and reconstructed efficiently according to CS theory.

Since the CS theory guarantees that a signal can be
reconstructed with high quality at low sampling ratio
when the signal is sparse in some domain, there has been
significant interest in CS specifically tailored to image
acquisition applications. Some CS-based image acquisition
devices [4], [5] have been developed. Among them, the most
well-known CS device is the so-called single-pixel camera [4]
developed at Rice University. Other efforts have been made in
improving the imaging flexibility of CS-based camera [5] and
exploring its possible use in mobile phones and other handheld
devices [6]. Besides applying to image acquisition, some
works apply the CS to image/video source coding [7], [8]
and wireless broadcast [9], [10].

In the study of CS, the two main challenges are the design
of sampling matrix and the development of reconstruction
method [11]. A lot of methods have been proposed to deal
with these two challenges in the literature. To the first
challenge, a variety of sampling matrices, such as the random
matrix, the binary matrix [12], [13], and the structural
matrix [8], [14], have been developed. However, these
sampling matrices are all signal independent, which ignore
the characteristics of the signal. To the second challenge,
there have been a lot of sparsity-regularized-based methods
proposed, including the convex-optimization algorithms
(e.g. [15]–[17]), the greedy algorithms (e.g. [18]–[20]), and
the iterative thresholding algorithms (e.g. [21]). For image
CS, some works (e.g. TV [22], CoS [23] and GSR [24])
established more sophisticated models by exploring image
priors, while others (e.g. DWT [25] and MH [26]) incorporated
additional optimization criteria into the iterative thresholding
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Fig. 1. The reconstruction quality and running speed comparison. � and ©
represent the CPU implementation time and the GPU implementation time,
respectively. The compared traditional methods are marked with blue font,
and the compared deep learning methods are marked with green font.
The chart is based on Set11 [1] results of sampling ratio 0.1 summarized
in Table IV and VI.

algorithm. As shown in Fig. 1, some existing state-of-the-art
CS reconstruction methods (e.g. GSR) cost several minutes to
reconstruct one high quality image due to the need for repeated
iterative operations, while other reconstruction methods (e.g.
DWT and TV) have relatively lower reconstruction quality.

Recently, deep learning shows superior performance in
computer vision problems. As far as we know, these also
exist a few deep learning based image CS reconstruction
methods, in which the random floating-point sampling
matrix (e.g. Gaussian random matrix, GRM) is usually
applied. These reconstruction methods include block-by-
block methods (stacked denoising autoencoder (SDA) [27],
non-iterative reconstruction using CNN (ReconNet) [1], and
iterative shrinkage-thresholding algorithm based network
(ISTA-Net) [28]) and postprocessing method (FompNet [29]).
However, the block-by-block reconstruction methods
[1], [27], [28] only use intrablock information to reconstruct a
block resulting in blocking artifacts, therefore a postprocessing
is usually needed. The postprocessing method [29] has
relatively high computational complexity due to the use of
orthogonal matching pursuit algorithm.

In this paper, a novel image CS framework using
convolutional neural network (dubbed CSNet) is proposed to
deal with the two main challenges, i.e. designing an efficient
sampling matrix and developing a fast and effective recon-
struction algorithm. CSNet contains a sampling network and a
reconstruction network, which are optimized jointly. The sam-
pling network adaptively learns the sampling matrix from the
training images. This makes the CS measurements retain more
image structural information for better reconstruction. The
reconstruction network contains a linear initial reconstruction
network and a non-linear deep reconstruction network to learn
an end-to-end mapping between the CS measurements and the
reconstructed images. The initial reconstruction network uses
a convolution layer and a self-established combination layer to

generate the initial reconstructed image. The non-linear deep
reconstruction network further refines the initial reconstructed
image to get better reconstruction quality by using deep resid-
ual network. In this work, three types of sampling matrices are
learned, i.e. floating-point matrix, {0,1}-binary matrix, and
{−1, +1}-bipolar matrix, especially the last two sampling
matrices are designed for easy storage and hardware
implementation. Experimental results demonstrate that CSNet
offers state-of-the-art reconstruction quality, while achieving
fast running speed. In addition, CSNet with {0,1}-binary
matrix, and {−1, +1}-bipolar matrix gets comparable
performance with the existing deep learning based CS
methods, and outperforms the traditional CS methods. What’s
more, the experimental results further suggest that the learned
sampling matrices can improve the traditional image CS
reconstruction methods significantly.

The contributions of this work are mainly in four aspects:
• A novel image CS framework using CNN is proposed to

deal with the two main challenges in CS: the design of
sampling matrix and the development of reconstruction
method.

• The sampling network is designed to learn the sampling
matrix adaptively. This makes the CS measurements
retain more image structural information for better recon-
struction. Three types of sampling matrices have been
learned, i.e. floating-point matrix, {0,1}-binary matrix,
and {−1, +1}-bipolar matrix, especially the last two
sampling matrices are designed for easy storage and
hardware implementation.

• The end-to-end deep reconstruction network using resid-
ual learning is designed for recovering the image from
the CS measurements. Compared with existing block-by-
block reconstruction networks [1], [27], [28], the pro-
posed reconstruction network can effectively utilize inter-
block information and avoid blocking artifacts.

• The learned sampling matrices are further applied to
the traditional image CS methods and can improve their
performance significantly.

CSNet has other two advantages. Firstly, the learned
floating-point sampling matrix has similar complexity of
hardware implementation as the traditional random sampling
matrix in the image acquisition system [4], and the learned
{0,1}-binary and {−1, +1}-bipolar matrices are more easy
for storage and hardware implementation. Based on [30], [31],
using the {0,1}-binary matrix or {−1, +1}-bipolar matrix
needs fewer memory size and fewer energy consumption of
memory accesses, compared to the floating-point matrices.
Secondly, the learned sampling matrix does not need to be
transmitted from the encoder to the decoder in comparison
with the traditional image CS methods.

A preliminary version of this work was presented earlier
in [32]. This work improves the preliminary work in the
following aspects. First, the residual learning based deep
reconstruction network is designed for better reconstruction.
Second, the binary and bipolar sampling matrices are designed,
which are beneficial for easy storage and hardware implemen-
tation. Third, the learned sampling matrices are further applied
to improve the performance of traditional image CS methods.
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Fourth, more comprehensive analysis and experiments are
provided.

The remainder of this paper is organized as follows. The
background on image CS and the related works are introduced
in Section II. In Section III, the details of the image CS
framework are presented. Section IV provides the experimental
results. In Section V, we conclude the paper.

II. BACKGROUND AND RELATED WORKS

The CS theory [3] permits linear projection of a signal into
a dimension much lower than that of the original signal while
allowing exact recovery of the signal from the projections,
when the signal is sparse in some domain. Concretely, suppose
that x ∈ R

N×1 is a real-valued signal and � ∈ R
M×N is a

sampling matrix, M << N , the CS measurements acquisition
process is expressed as

y = �x (1)

where y ∈ R
M×1 is the CS measurement. Because the

number of unknowns is much larger than the number of
observations, recovering the original signal x from its corre-
sponding measurements y is impossible in general due to the
underdetermined property. However, if the signal x is sparse in
some domain � , the CS theory shows that correctly recovering
x is possible. The most straightforward formulation of CS
reconstruction can be expressed as

min
x

‖�x‖p, s.t . y = �x (2)

where �x are the spare coefficients with respect to domain � ,
and the subscript p is usually set to 1 or 0, characterizing the
sparsity of the vector �x . There have been a large number
of strategies proposed for solving this optimization problem
in the literature. One kind of them is the convex optimization
method, which translates the nonconvex problem into a convex
one to get the approximate solution. Basis pursuit [33] is
the most commonly used convex optimization method for
CS reconstruction. It replaces the L0 norm constraint with
the L1 norm one to get the solution by solving a linear
programming problem. However, such convex-programming
methods have very high computational complexity. As an
alternative, the gradient-descent methods, such as iterative
splitting and thresholding [15], sparse reconstruction via sep-
arable approximation [16], and gradient projection for sparse
reconstruction [17], have been proposed to speed up the
reconstruction process.

To reduce the computational complexity, some greedy algo-
rithms have also been proposed for CS reconstruction. These
algorithms include matching pursuit [18], orthogonal matching
pursuit [19], and stage-wise orthogonal matching pursuit
method [34]. Compared to convex-programming approaches,
this kind of methods have relatively low computational
complexity at the cost of lower reconstruction quality.

As an alternative to the matching pursuit class of CS
reconstruction, techniques based on projected Landweber (PL)
algorithm [35] are also proposed [11], [21], [26]. This kind
of algorithms obtain the reconstructed image by successively

projecting and thresholding. They not only reduce the com-
putational complexity but also offer the possibility of easily
incorporating additional optimization criteria.

For image CS, some existing works established more
sophisticated models by exploring image priors. In [22],
the total variation (TV) regularized constraint is used to replace
the sparsity-based one for enhancing the local smoothness.
In [23], Zhang et al. proposed collaborative sparsity (CoS) in
an adaptive hybrid space-transform domain. In [24], Zhang
et al. further proposed group sparse representation (GSR)
for image compressed sensing recovery by enforcing image
sparsity and non-local self-similarity simultaneously. Besides,
some other image CS methods incorporated additional opti-
mization criteria into the PL algorithm. In [11], Gan proposed
block-based CS for natural images by incorporating Wiener
filtering into the PL iteration, where image compressed sam-
pling is conducted in a block-by-block manner by the same
matrix. In recent years, some other improved PL-based image
CS reconstruction methods [26], [36], [37] have also been
proposed.

Although so many efforts have been made, the requirement
of iterative computation makes these traditional methods have
high computational complexity. As show in Fig. 1, these
traditional image CS methods take several seconds to several
minutes to reconstruct a high quality image. Besides, these
sparse representation based image CS reconstruction methods
need to know the sampling matrix first. That means the
sampling matrix should be transmitted from the encoder to
the decoder.

Recently, a few deep learning based methods have also
been developed for image CS reconstruction [1], [27]–[29].
In [27], Mousavi et al. proposed a stacked denoising autoen-
coder (SDA) to capture statistical dependencies between the
different elements of certain signals and improve signal recov-
ery performance. However, SDA will have high computational
complexity when the dimension of the signal increases because
it is full connection between any two successive layers.
In [1], Kulkarni et al. proposed a CNN-based reconstruction
method (ReconNet), which can reduce computational com-
plexity by weight sharing. In [28], Zhang et al. cast the
iterative shrinkage-thresholding algorithm as CNN (ISTA-Net)
for CS reconstruction. In [29], Bo et al. used a CNN network
(FompNet) as the postprocessing of a fast orthogonal matching
pursuit algorithm. FompNet has relatively higher computa-
tional complexity than the other deep learning based methods
due to the use of orthogonal matching pursuit. Both SDA,
ReconNet and ISTA-Net are block-by-block reconstruction
methods, which may cause blocking artifact. As a result, they
usually need additional deblocking. As show in Fig. 1, the deep
learning based methods run faster than the traditional image
CS methods.

In addition to the image reconstruction methods, another
concern in the study of CS is the design of sampling matrix.
In most works, the sampling matrix is a random matrix,
such as a Gaussian or Bernoulli matrix, which satisfies the
restricted isometry property with a large probability. Some
other works design sampling matrices by taking some specific
image properties into account [8], [14]. However, they always
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Fig. 2. The proposed framework of CSNet.

suffer high computation cost and vast storage. Recently, some
researchers are interested in binary and bipolar sampling
matrices that are easy to store and implement with hardware.
Amini and Marvasti [12] established the connection between
the orthogonal optical codes and binary sampling matrix and
introduced the bipolar sampling matrix. Lu et al. [13] proposed
to determine the distribution of nonzero elements of binary
sampling matrix by minimizing the coherence parameter [38]
with a greedy method. However, these matrices are still signal
independent, which ignores the characteristics of the signal.

III. CONVOLUTIONAL NEURAL NETWORK

FOR IMAGE COMPRESSED SENSING

Fig. 2 shows the framework of CSNet. CSNet uses CNN
to implement three functions, i.e. block-based compressed
sampling, initial reconstruction and non-linear signal
reconstruction, which correspond to the three operations of
the block-based compressed sensing (BCS), respectively.
CSNet has a sampling network and a reconstruction network.
The sampling network is used to learn the sampling matrix
and acquire CS measurements. The reconstruction network,
which contains a linear initial reconstruction network and a
non-linear deep reconstruction network, learns an end-to-end
mapping from the CS measurements to the reconstructed
images. The initial reconstruction network is a linear operation
to obtain the initial reconstruction from the CS measurements.
The deep reconstruction network is a non-linear operation to
further refine the reconstruction quality.

In the training phase, the sampling network and the
reconstruction network form an end-to-end network for joint
optimization. Even though CSNet performs block-by-block
sampling, it can effectively use both the intrablock information
and the interblock correlation to optimize the reconstructed
image instead of an image block with the aid of the self-
established combination layer in the initial reconstruction net-
work. In the application phase, the sampling network is used
as an encoder to generate CS measurements, and the recon-
struction network is used as a decoder to reconstruct images.

A. Sampling Network

In BCS, the image is first divided into non-overlapping
blocks of size B × B × l, where l represents the number
of channels. Then, CS measurements are acquired using a
sampling matrix �B of size nB × l B2. This process can
be expressed as y j = �B x j . Intuitively, if each row of the
sampling matrix �B is considered as a filter, we can use a
convolution layer to imitate this compressed sampling process.
Since the size of each image block is B × B × l, the size

of each filter in the sampling network is also B × B × l,
so that each filter outputs one measurement. For the sampling
ratio M

N , there are nB = ⌊ M
N l B2

⌋
rows in the sampling

matrix �B to obtain nB CS measurements. Therefore, there
are nB filters of size B × B × l in this layer. It should be
noted that the stride of this convolution layer is B × B for
non-overlapping sampling. Furthermore, there is no bias in
each filter. We set B = 32 and l = 1 in our experiments as
done by most BCS methods [11], [21], [36], [37]. Therefore,
there are nB = ⌊ M

N l B2
⌋ = 102 filters in this layer when the

sampling ratio M
N = 0.1.

Formally, the block-based compressed sampling network
(referred as S) can be expressed as an operation S (x):

y = S (x) = Ws ∗ x (3)

where ∗ represents convolution operation, x is the input image,
y is the CS measurement, Ws corresponds to nB filters of
support B × B × l. It is worth noting that there is no bias in
this layer, and no activation function after this layer. Intuitively,
the output is composed of nB feature maps, and each column
of the output is the nB measurements of an image block.

In the training phase, the sampling network learns the
sampling matrix with training images adaptively. When the
weights of Ws are constrained to floating-point value, we get a
floating-point matrix. When the weights of Ws are constrained
to {0,1} or {−1, +1}, we get a {0,1}-binary matrix or a
{−1, +1}-bipolar matrix. The learned sampling matrices can
efficiently utilize the characteristic of images, and make the
CS measurements retain more image structural information
for better reconstruction. In the application phase, the learned
sampling matrices are used as encoder to generate CS mea-
surements.

B. Reconstruction Network

Since natural image can usually be well sparsely rep-
resented, the CS theory [3] guarantees the image can be
correctly recovered from the CS measurements. We propose to
recover the image by using a reconstruction network (referred
as R) that contains an initial reconstruction network (referred
as I ) and a deep reconstruction network (referred as D).
Given the CS measurements y, the reconstruction process is
formulated as

R(y) = D(I (y)) (4)

1) Initial Reconstruction Network: Given the CS measure-
ments, BCS usually uses a pseudo-inverse matrix to obtain the
initial reconstructed image [24], [25]. That is, given the CS
measurements y j of the j th block, its initial reconstruction
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result is x̃ j = �̃B y j . Obviously, �̃B is a matrix of size
l B2×nB . Similar to the compressed sampling process, we can
also use a convolution layer with special kernel size and stride
to implement the initial reconstruction process. Different with
previous BCS [24], [25], the matrix �̃B in CSNet is optimized
adaptively in a network instead of the pseudo-inverse matrix
of �B .

The initial reconstruction of the image can be expressed as
an operation Ĩ (y):

Ĩ (y) = Wint ∗ y (5)

where y is the CS measurement, and Wint is the filters. To an
image block, the output of the sampling network is a 1 × 1 ×
nB vector, so the size of each convolution filter in the initial
reconstruction layer is 1 × 1 × nB . Besides, each image block
has l B2 elements. Therefore, Wint corresponds to l B2 filters
of support 1 × 1 × nB . We set the stride of this convolution
layer as 1 × 1 to reconstruct each block. The bias is also
ignored. Intuitively, each column of Ĩ (y) is a 1 × 1 × l B2

vector corresponding to an image block of size B × B × l.
In summary, we use l B2 convolution filters of size

1×1×nB to obtain each initial reconstructed block. However,
the reconstructed output of each block is still a vector. The
traditional BCS methods will reshape and concatenate these
reconstructed vectors to get the initial reconstructed image.
We design a combination layer, which contains a reshape
function and a concatenation function, to obtain the initial
reconstructed image. This layer first reshapes each 1×1×l B2

reconstructed vector to a B × B × l block, then concatenates
all blocks to get an initial reconstructed image. This process
is expressed as an operation I (y):

x̃ = I (y) = κ

⎛
⎜⎜⎜⎝

γ
(

Ĩ11 (y)
)

· · · γ
(

Ĩ1w (y)
)

...
. . .

...

γ
(

Ĩh1 (y)
)

· · · γ
(

Ĩhw (y)
)

⎞
⎟⎟⎟⎠ (6)

where Ĩi j (y) is a 1 × 1 × l B2 vector, i and j are the space
indices of Ĩ (y), h and w represent the numbers of blocks
in row and column respectively, γ (·) is the reshape function
that converts the 1 × 1 × l B2 vector to a B × B × l block,
κ (·) is the concatenation function that concatenates all these
blocks to obtain the initial reconstructed image. The initial
reconstruction provides chance to optimize the entire image
rather than an independent image block, which makes our
method can make full use of both intra-block and inter-
block information for better reconstruction. Since there is no
activation layer in the initial reconstruction network, it is a
linear signal reconstruction network.

2) Deep Reconstruction Network: In this work, we use a
residual learning based deep reconstruction network to imple-
ment the non-linear signal reconstruction process for better
reconstruction. This network includes three operations: feature
extraction, non-linear mapping, and feature aggregation.

The feature extraction operation is used to produce the
high dimensional feature from the local receptive field. It is a
convolution layer followed with an activation layer. Since the
convolution layer operates on the initial reconstruction output,

it has d filters of size f × f × l. This operation is expressed
as an operation De (x̃):

De (x̃) = Act (We ∗ x̃ + Be) (7)

where x̃ is the initial reconstructed result of Eq. (6), We

corresponds to d filters of size f × f × l, Be is the biases of
size d × 1, and Act (·) is a specific activation function. In our
experiments, we apply the most common Rectified Linear Unit
(Relu, max(0,x)) [39] as the activation function.

After getting the high dimensional image feature, the deep
reconstruction network alternatively cascades residual block,
convolution layer and activation layer, which increases the
network non-linear and its receptive field. This non-linear
mapping operation is expressed as

Di
m1 (x̃) = Act

(
Di−1

m2 (x̃) + W i
m1 ∗ Di−1

m2 (x̃) + Bi
m1

)
(8)

Di
m2 (x̃) = Act

(
W i

m2 ∗ Di
m1 (x̃) + Bi

m2

)
(9)

where i ∈ {1, 2, · · · , n}, Eq. (8) is the residual block, in which
there is a short skip connection between the input and the
output of a convolution layer. W i

m1 and W i
m2 contain d filters

of size f × f × d , Bi
m1 and Bi

m2 are the biases of size d × 1,
Act (·) is also a Relu activation function. D0

m2 (x̃) = De (x̃).
To generate the final output, a feature aggregation operation

is used to reconstruct the image from the high dimensional
features. This process is expressed as an operation Da (x̃):

Da (x̃) = Wa ∗ Dn
m2 (x̃) + Ba (10)

where Wa corresponds to l filters of size f × f × d , and Ba

is the bias of size l × 1. To further accelerate the network
convergence, a long ship connection [40] between the initial
reconstructed image x̃ and the output Da (x̃) of the deep recon-
struction network is added. As a result, the final reconstructed
image is

D (x̃) = x̃ + Da (x̃) (11)

C. Training Binary and Bipolar Sampling Matrices

To train the floating-point sampling matrix, we just need
to calculate the gradient of the parameters and then update
each parameter normally. In this subsection, we introduce
how to train the binary and bipolar sampling matrices. The
deterministic and stochastic binarization functions have been
proposed in [31] that transforms the floating-point variables
into either +1 or −1. In our work, we follow [12], [13] call
{0,1}-matrix as binary matrix, and {−1, +1}-matrix as bipolar
matrix.

The stochastic binarization is more appealing than the deter-
ministic binarization, but harder to implement as it requires
the hardware to generate random bits when quantizing [31].
Therefore, we apply the deterministic method to quantize the
elements of the sampling matrices. The binarization function
is formulated as:

wb = Binary (w) =
{

1 if w > 0
0 otherwise

(12)
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Algorithm 1 Training Binary or Bipolar Matrices

The bipolarization function is formulation as:

wb = Bipolar (w) =
{+1 if w ≥ 0

−1 otherwise
(13)

where wb is the binarized or bipolarized variable.
The training process is illustrated in Algorithm 1, where

λ is the learning rate, L is the number of layers, * represents
convolution, and ◦ represents element-wise multiplication.
For convenience, we ignore the combination layer in the
initial reconstruction network and the ReLu layer in the deep
reconstruction network because they have no parameters.

In the forward propagation, the filter w1 of the first
convolution layer (sampling layer) are first quantized using
Eq.12 or Eq.13, and then the binary or bipolar filters wb

s
are used to convolve the images as shown in Step 1 and 2.
The regular forward propagation is shown in Step 3 to 5.
In the backward propagation, we compute the gradients with
the network prediction xL and the target x∗ in Step 6 before
the regular backward propagation shown in Step 7 to 10.
Then, we compute the gradients for the quantized filter wb

s
rather than the floating-point filter w1.

After getting the gradients of all variables, a parameter
updating method [41] is used to accumulate the parameter
gradients. Note that we do not update the quantized filter wb

s
but the floating-point filter w1 using the gradients gwb

s
of wb

s as
shown in Step 13. The other parameters are updated regularly
as shown in Step 14 to 16.

When the network is well trained, we reshape each filter of
size B × B × l of the sampling layer into a 1 × l B2 vector,

and all these vectors form a binary/bipolar sampling matrix �B

of size nB × l B2.

D. Training

The sampling network and the reconstruction network intro-
duced above form a CNN-based framework for image CS.
Given the input image x, our goal is to obtain the CS
measurements y by using the sampling network S, and then
recover the original input image x accurately from y by using
the reconstruction network R. Since the output of S is the input
of R, they can be merged into an end-to-end network for joint
optimization without the need to consider what y is. Therefore,
the input and the label are all image x itself for training CSNet.
That is, the training dataset can be represented as {xi , xi }K

i=1.
The mean square error is adopted as the cost function

of CSNet. We have two objectives to minimize: the initial
reconstructed image and the final reconstructed image. For
the initial reconstructed image, we have the loss function

lint (θ, φ) = 1

2K

∑K

i=1
‖I (S (xi ; θ); φ) − xi‖2

F (14)

where θ and φ are the parameters of the sampling network and
the reconstruction network needed to be trained, respectively,
S (xi ; θ) are CS measurements and I (S (xi ; θ); φ) is the initial
reconstructed output with respect to image xi .

For the final output R (S (xi ; θ); φ), we have

ldeep (θ, φ) = 1

2K

∑K

i=1
‖R (S (xi ; θ); φ) − xi‖2

F (15)

Training is carried out by optimized Eq. (14) and
Eq. (15) simultaneously using adaptive moment estimation
(Adam) [41]. It should be noted that we train the sampling
network and the reconstruction network jointly, but they can
be used independently.

IV. EXPERIMENTAL RESULTS

In the experiments, CSNet with the floating-point matrix is
named as CSNet+, CSNet with {0,1}-binary sampling matrix
is named as {0,1}-BCSNet, and CSNet with {−1, +1}-bipolar
sampling matrix is names as {−1, +1}-BCSNet, respectively.
The network in our preliminary version [32] is named as
CSNet∗. The test codes can be downloaded at the website:
https://github.com/wzhshi/TIP-CSNet.

A. Training Details

Our training dataset has 400 images that are the 200 training
images and 200 test images from the BSDS500 database [44].
The same with other work [40], the data augmentation technol-
ogy is used to increase the training dataset. Specifically, we use
eight data augmentation methods, i.e. the original image,
flipped, rotation 90, rotation 90 plus flipped, rotation 180,
rotation 180 plus flipped, rotation 270, and rotation 270 plus
flipped. The training images are prepared as 96 × 96 pixel
sub-images by cropping images with stride of 57. Finally,
we randomly select 89600 sub-images for network training.

For CSNet+, {0,1}-BCSNet, and {−1, +1}-BCSNet,
the network parameters are set as follows: the block size in
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TABLE I

AVERAGE PSNR AND SSIM COMPARISONS OF DIFFERENT IMAGE CS ALGORITHMS ON SET5 [42]

TABLE II

AVERAGE PSNR AND SSIM COMPARISONS OF DIFFERENT IMAGE CS ALGORITHMS ON SET14 [43]

TABLE III

AVERAGE PSNR AND SSIM COMPARISONS OF DIFFERENT IMAGE CS ALGORITHMS ON BSD100 [47]

the sampling process is the same with the traditional BCS
methods, i.e. B = 32 and l = 1, the spacial size of a
kernel is f = 3, the number of feature maps in the deep
reconstruction network is d = 64, and the amount of non-
linear mapping layer in the deep reconstruction network is
n = 5. CSNet+ uses the method described in [45] to initialize
weights, which is a theoretically sound procedure for networks
utilizing rectified linear units. {0,1}-BCSNet, and {−1,+1}-
BCSNet initialize weights by the learned weights of CSNet+.
For other hyper-parameters of Adam, we use the default
setting. We train our model for 100 epoches and each epoch
iterates 1400 times with batch size of 64. The learning rates
of the first 50 epoches, the 51 to 80 epoches, and the other
20 epoches are 10−3, 10−4 and 10−5, respectively. CSNet∗
is implemented using the SimpleNN wrapper of MatConvNet
package [46], while CSNet+, {0,1}-BCSNet, and {−1,+1}-
BCSNet are implemented using the DagNN wrapper of
MatConvNet package.

B. Comparisons With State-of-the-Art Image CS Methods

In this section, we investigate the performance of CSNet in
terms of both image reconstruction quality and running speed.
First, we compare CSNet+, {0,1}-BCSNet, {−1,+1}-BCSNet

with four state-of-the-art traditional methods and three deep
learning based methods, respectively. CSNet∗ is also listed for
comparison. Then, we compare the running speeds of different
methods. All the experiments are implemented in Matlab
2015a on Windows 7 system, and runs on desktop computer
with 4 cores CPU at 3.4 GHz and 12 GB RAM, except some
results are provided by the authors of the compared methods.

1) Comparisons With Traditional Methods: The four state-
of-the-art traditional image CS methods to be compared are
wavelet method (DWT) [25], total variation (TV) method [22],
multi-hypothesis (MH) method [26] and group sparse repre-
sentation (GSR) method [24]. The comparison with CoS [23]
is not provided, as CoS is much time-consuming and its
performance is better than MH and worse than GSR. The
implementation codes of the compared methods are down-
loaded from the authors’ websites and the default parameters
are used in the experiments. We test these methods on three
datasets: Set5 [42] (5 images), Set14 [43] (14 images), and
BSD100 [47] (100 images) that are widely used in the other
image restoration works. Both objective evaluation and sub-
jective evaluation are given.

a) Objective evaluation: The PSNR and SSIM compar-
isons on Set5, Set14 and BSD100 are shown in Table I,
Table II and Table III in case of sampling ratio
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Fig. 3. Visual quality comparisons of CS recovery on Baby from Set5 [42] in the case of sampling ratio = 0.1.

Fig. 4. Visual quality comparisons of CS recovery on PPT3 from Set14 [43] in the case of sampling ratio = 0.2.

Fig. 5. Visual quality comparisons of CS recovery on Butterfly from Set5 [42] in the case of sampling ratio = 0.3.

from 0.01 to 0.5, respectively. We mark the best results in bold
font. As shown in Table I, CSNet+ achieves the best PSNR and
SSIM in comparison with CSNet∗, {0,1}-BCSNet, {−1,+1}-
BCSNet, and the other state-of-the-art traditional image CS
methods. Compared to the best traditional method, i.e. GSR,
CSNet+ can improve roughly 5.31 dB, 4.79 dB, 2.60 dB,
1.88 dB, 1.42 dB, 1.30 dB and 1.14 dB on average PSNR with
respect to sampling ratios of 0.01, 0.05, 0.1,0.2.0.3,0.4,0.5,
respectively, and the average SSIM gains are 0.1561, 0.1215,
0.0408, 0.0224, 0.0152, 0.0114 and 0.0079, respectively. From
Table II, CSNet+ can improve roughly 6.82 dB, 4.66 dB,
3.69 dB and 1.88 dB on average PSNR over seven sam-
pling ratios, in comparison with DWT, TV, MH and GSR,

respectively. From Table III, CSNet+ achieves the highest
average PSNR and SSIM on this 100 test image dataset. All
PSNR and SSIM values also show CSNet+ have a better per-
formance than CSNet∗. Furthermore, the experimental results
demonstrate that {0,1}-BCSNet and {−1,+1}-BCSNet still
outperform the other four traditional methods.

b) Subjective evaluation: Three visual examples of the
reconstructed images of various methods are shown in Fig. 3
to Fig. 5 with respect to sampling ratios 0.1, 0.2 and 0.3,
respectively. In Fig. 3, we can see that both CSNet+ and
CSNet∗ can recover finer details than the other methods.
In Fig. 4, the reconstructed results of CSNet+ and CSNet∗
show that the text is easy to identify as shown in the enlarged
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Fig. 6. Visual quality comparisons of CS recovery on Parrots from Set11 [1] in the case of sampling ratio = 0.1.

Fig. 7. Visual quality comparisons of CS recovery on Fingerprint from Set11 [1] in the case of sampling ratio = 0.1.

part, while the results of the other methods are blurry. In Fig. 5,
it is obvious that the reconstructed results of CSNet+ and
CSNet∗ are smoother, clearer and sharper than the other
methods.

2) Comparisons With Other Deep Learning Based Methods:
The three deep learning based methods to be compared are
SDA [27], ReconNet [1] and ISTA-Net [28]. For a fair
comparison, we follow [1], [28] to use Set11 [1] as the test
images. Table IV shows the average PSNR of different deep
learning based methods. As shown, CSNet+ obtains the best
performance at all sampling ratios. Furthermore, the experi-
mental results show that {0,1}-BCSNet and {−1,+1}-BCSNet
still obtain comparable performance with these existing deep
learning based methods. Fig. 6 and Fig. 7 are two visual
examples of various deep learning based methods. There are
significant blocking artifacts in the reconstruction results of
ReconNet and ISTA-Net because they are block-by-block
reconstruction methods. In contrast, CSNet+ gets better visual
effect without blocking artifacts. In [1], the authors use
BM3D [48] denoiser to further deal with the blocking artifacts.
Table V compares CSNet+ with SDA and ReconNet that
with or without BM3D [48] denoiser, in which SDA and
ReconNet results are taken from [1]. As shown, CSNet+ out-
performs SDA and ReconNet with or without BM3D denoiser
significantly.

TABLE IV

PSNR COMPARISONS OF DIFFERENT DEEP LEARNING BASED

IMAGE CS ALGORITHMS ON SET11 [1] TEST IMAGES

3) Running Speed Comparisons: Table VI shows the run-
ning time comparisons. For a fair comparison, we report the
running times that the authors reported in their papers for SDA,
ReconNet and ISTA-Net, as well as our running results by
using the authors’ released codes. The running times for the
traditional methods are obtained by the codes download from
the authors’ websites. The average running times on CPU/GPU
and the their implementation platform for reconstructing a
256 × 256 image are listed in Table VI. As shown, traditional
image CS methods take roughly several seconds to several
minutes to reconstruct a 256 × 256 image. In contrast, deep
learning based methods run faster than traditional methods,
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TABLE V

PSNR COMPARISONS OF DIFFERENT DEEP LEARNING BASED IMAGE CS ALGORITHMS ON THE 4 TEST IMAGES OF SET11 [1]

TABLE VI

AVERAGE RUNNING TIME (IN SECONDS) OF VARIOUS ALGORITHMS FOR RECONSTRUCTING A 256 × 256 IMAGE

Fig. 8. Color visual results reconstructed by CSNet+ at sampling ratio of 0.1 on Set5.

which take less than one second on CPU or 0.05 second
on GPU to reconstruct a 256 × 256 image. Specifically,
CSNet+, {0,1}-BCSNet and {−1,+1}-BCSNet run faster
than ISTA-Net and ISTA-Net+. CSNet∗ runs faster than
ReconNet, ISTA-Net and ISTA-Net+. CSNet∗ also runs faster
than CSNet+, {0,1}-BCSNet and {−1,+1}-BCSNet. This is
because CSNet∗ is a smaller network than CSNet+, {0,1}-
BCSNet and {−1,+1}-BCSNet, and CSNet∗ is implemented
using the SimpleNN wrapper of MatConvNet package [46],
while CSNet+, {0,1}-BCSNet, and {−1,+1}-BCSNet are
implemented using the DagNN wrapper of MatConvNet pack-
age. The DageNN wrapper is slightly slower than the Sim-
pleNN wrapper [46]. In conclude, CSNet runs much faster
than the traditional CS methods, and have comparable running
speed with the existing deep learning based CS methods.

4) Color Image CS: Our method can be applied directly
to color image by setting l = 3. We have trained four
models on the RGB color space for color image CS. For
color image, the average PSNR values on Set5 are 24.35 dB,
29.23 dB, 32.08 dB, 35.19 dB at the sampling ratio of 0.01,
0.05, 0.1, 0.2, respectively. Fig.8 shows three visual examples
of the reconstruction results of CSNet+ at sampling ratio
of 0.1. As shown, CSNet+ obtains good color image CS
reconstruction.

C. Traditional Methods Using the Learned Sampling Matrix

As discussed before, the learned sampling matrix is signal
dependent and takes the advantages of the characteristics of the
given signal, which makes the CS measurements retains more
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Fig. 9. Average PSNR and SSIM comparisons between various CS methods using GRM and the learned floating-point sampling matrix on Set5 [42].

Fig. 10. Visual quality comparisons between various methods with GRM and the learned floating-point sampling matrix on Women from Set5 [42]. R-DWT,
R-TV, R-MH and R-GSR are the results of DWT, TV, MH and GSR with GRM, respectively. L-DWT, L-TV, L-MH and L-GSR are the results of DWT, TV,
MH and GSR with the learned floating-point sampling matrix, respectively.

image structural information for better reconstruction. In this
subsection, we apply the learned sampling matrix to replace
the commonly used random one to improve the traditional
image CS methods.

1) Traditional Methods Using the Learned Floating-Point
Sampling Matrix: The learned floating-point sampling matrix
is applied to four state-of-the-art image CS methods, i.e.
DWT, TV, MH and GSR. Fig. 9 shows the average PSNR
and SSIM comparisons between various CS methods with
GRM and the learned floating-point sampling matrix on Set5.
As shown, these four methods with the learned floating-point

sampling matrix have significant gain on both PSNR and
SSIM. Fig. 10 shows the visual quality comparison with GRM
and the learned floating-point sampling matrix on Women from
Set5 at sampling ratios of 0.1 and 0.2, respectively. As shown
in Fig. 10, these four traditional image CS methods with the
learned floating-point sampling matrix has significant visual
quality improvement in comparison with that with GRM.

2) Traditional Methods Using the Learned Binary and
Bipolar Matrices: In this experiments, we compare these
four traditional methods with {0,1}-random, {0,1}-learned,
{−1,+1}-random, and {−1,+1}-learned sampling matrices,
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Fig. 11. Comparisons between the traditional CS methods using the two-values random sampling matrices and that using the learned ones on Set5 [42].

Fig. 12. Visual quality comparisons between various methods with the two-values random sampling matrices and that using the learned ones on Baby from
Set5 [42] in the case of sampling ratio = 0.1.

respectively. Fig. 11 shows the quantitative comparisons
between different methods with different sampling matrices
on Set5 in the case of the sampling ratio of 0.1 and 0.2,
respectively. As shown, these four traditional methods with
{0,1}-learned sampling matrix get higher PSNR than that
with {0,1}-random sampling matrix. As we expect that
these methods with {−1,+1}-learned sampling matrix also
outperform that with {−1,+1}-random sampling matrix.

Fig. 12 provides visual quality comparisons between dif-
ferent methods with the four kinds of sampling matrices
on Baby from Set5 in the case of sampling ratio of 0.1.
The first row is the result that with {0,1}-random and
{−1,+1}-random sampling matrices, while the second low
is the result that with {0,1}-learned and {−1,+1}-learned
sampling matrices. We zoom in on the part of the eye to
highlight their visual differences. Obviously, each compared
method using the learned sampling matrices has better visual
quality than that using the corresponding random sampling
matrices.

V. CONCLUSION

In this paper, a novel image CS framework (dubbed CSNet)
using CNN is proposed to deal with the two challenges, i.e.
the design of sampling matrix and the development of recon-
struction method. CSNet includes a sampling network and
a reconstruction network. The sampling network adaptively
learns the sampling matrix from the training images. This
results in that the learned sampling matrix takes the advantages
of the characteristics of the training images to make the CS
measurements retain more image structural information for
better reconstruction. Three types of sampling matrices have
been learned, i.e. floating-point matrix, {0,1}-binary matrix,
and {−1,+1}-bipolar matrix. The last two matrices are spe-
cially designed for easy storage and hardware implementation.
The reconstruction network learns an end-to-end mapping
between CS measurements and the reconstructed images.
By optimizing the sampling network and the reconstruction
network jointly, CSNet offers state-of-the-art reconstruction
quality, while achieving fast running speed. What’s more,
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the learned sampling matrices have been successfully applied
to improve the traditional image CS methods.
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