
 

LSHR-Net: a hardware-friendly solution for high-resolution computational imaging using a mixed-weights neural network

Communicated by Prof. Liu Guangcan

Journal Pre-proof

LSHR-Net: a hardware-friendly solution for high-resolution
computational imaging using a mixed-weights neural network

Fangliang Bai, Jinchao Liu, Xiaojuan Liu, Margarita Osadchy,
Chao Wang, Stuart J. Gibson

PII: S0925-2312(20)30571-3
DOI: https://doi.org/10.1016/j.neucom.2020.04.010
Reference: NEUCOM 22165

To appear in: Neurocomputing

Received date: 15 November 2019
Revised date: 18 February 2020
Accepted date: 3 April 2020

Please cite this article as: Fangliang Bai, Jinchao Liu, Xiaojuan Liu, Margarita Osadchy,
Chao Wang, Stuart J. Gibson, LSHR-Net: a hardware-friendly solution for high-resolution
computational imaging using a mixed-weights neural network, Neurocomputing (2020), doi:
https://doi.org/10.1016/j.neucom.2020.04.010

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability, but it is not yet the definitive version of
record. This version will undergo additional copyediting, typesetting and review before it is published
in its final form, but we are providing this version to give early visibility of the article. Please note that,
during the production process, errors may be discovered which could affect the content, and all legal
disclaimers that apply to the journal pertain.

© 2020 Published by Elsevier B.V.

https://doi.org/10.1016/j.neucom.2020.04.010
https://doi.org/10.1016/j.neucom.2020.04.010


LSHR-Net: a hardware-friendly solution for

high-resolution computational imaging using a

mixed-weights neural network

Fangliang Baia, Jinchao Liub, Xiaojuan Liud,e, Margarita Osadchyc,
Chao Wangd, Stuart J. Gibsona

aSchool of Physical Sciences, University of Kent, Canterbury, Kent, UK, CT2 7NH
bCollege of Artificial Intelligence, Nankai University, Tianjin, China, 300071

cDepartment of Computer Science, University of Haifa, Mount Carmel, Haifa, Israel
dSchool of Engineering and Digital Arts, University of Kent, Canterbury Kent, UK, CT2

7NT
eSchool of Physics and Optoelectronics Engineering, Shandong University of Technology,

Zibo, China, 255049

Abstract

Recent work showed neural-network based approaches to reconstructing im-
ages from compressively sensed measurements offer significant improvements
in accuracy and signal compression. Such methods can dramatically boost
the capability of computational imaging hardware. However, to date, there
have been two major drawbacks: (1) the high-precision real-valued sensing
patterns proposed in the majority of existing works can prove problematic
when used with computational imaging hardware such as a digital micromir-
ror sampling device and (2) the network structures for image reconstruction
involve intensive computation, which is also not suitable for hardware de-
ployment. To address these problems, we propose a novel hardware-friendly
solution based on mixed-weights neural networks for computational imag-
ing. In particular, learned binary-weight sensing patterns are tailored to the
sampling device. Moreover, we proposed a recursive network structure for
low-resolution image sampling and high-resolution reconstruction scheme. It
reduces both the required number of measurements and reconstruction com-
putation by operating convolution on small intermediate feature maps. The
recursive structure further reduced the model size, making the network more
computationally efficient when deployed with the hardware. Our method has
been validated on benchmark datasets and achieved state of the art recon-
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struction accuracy. We tested our proposed network in conjunction with a
proof-of-concept hardware setup.

Keywords:
single pixel camera, computational imaging, neural network, image
reconstruction, super resolution, binary weights

1. Introduction

In the context of structural signal recovery, the task of image recon-
struction from the compressive sampling has been closely associated with
computational imaging [1] using a single pixel camera [2, 3]. Single pixel
camera architectures are of particular interest when imaging outside the visi-
ble range of the electromagnetic spectrum in cases where detector technology
is expensive or difficult to manufacture. This approach to image acquisition
involves illuminating an object scene using a sampling device which produces
structured light in the form of 2D pseudo-random patterns. For each pat-
tern, the intensity of the back scattered light is measured by a single pixel
photo-detector. In the computational imaging paradigm [2], each measure-
ment corresponds to the inner product between a sensing pattern and the
image to be reconstructed. This can be formulated as:

y = Φx+ e (1)

where x ∈ Rn is the image rearranged as a vector, Φ ∈ Rm×n, m � n, are
m random sensing patterns (also concatenated into vector form), e ∈ Rm

are measurement errors and y ∈ Rm are the measurements. The number
of sensing patterns m can be much fewer than the total number of pixels
n comprising the reconstructed image, resulting in a measurement ratio of
R = m

n
.

A digital micro-mirror device (DMD) is widely used as the sampling com-
ponent in single pixel camera architectures and for coded aperture imaging
[4, 5, 6, 7, 8, 9]. It contains a 2d array of micro-mirrors (hence the name)
and each micro-mirror can be positioned at one of two angles to be in ei-
ther an activated or inactivated state. When the array is illuminated by a
uniform light source, shifting the micromirrors between states produces dif-
ferent binary sensing patterns, such as random Bernoulli, Hadamard, which
are projected onto the object scene of interest. Given an incident, uniform,
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light source, shifting mirrors between states produces different binary sensing
patterns, such as random Bernoulli, Hadamard, which are used to illuminate
the object scene of interest.

To reconstruct signals/images from compressively sampled measurements,
Compressed sensing (CS)[10, 11], to be exact sparse optimization methods
such as NESTA[12], ADMM [13] etc. have been proposed and have become
the predominant algorithms using in a variety of applications. However, one
major drawback of these numerical nonlinear optimization methods is that
they often take a few minutes to recover a single large image at good quality.

Deep neural networks (DNNs) have become prevalent in a broad range of
image processing tasks [14, 15, 16, 17, 18]. Specifically, DNN has been shown
to achieve favorable results in image recovery [19]. Motivated by this suc-
cess in image reconstruction tasks, DNNs were subsequently investigated for
image reconstruction problems based on compressively sensed image data,
[20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30]. These neural network based solu-
tions were reported to outperform the state-of-the-art in compressed sensing
algorithms in terms of speed, accuracy and data compression.

Although a variety of different network architectures were proposed, few
were deliberately designed to be adaptable to the sensing hardware. To
date, there have been two issues that remain to be solved. First, the real-
valued sensing patterns of all existing neural network implementations for
this application were stored in 32-bit floating-point format. Although high-
precision sensing patterns can be used for software simulation of image sam-
pling on modern GPUs, this is not a realistic representation of sampling
using structured light sensing hardware, where instead binary patterns are
used to reduce sampling complexity. Second, previous methods assumed
that the sensing patterns and the reconstructed images have the same reso-
lution. Therefore, the size of the recovered image is dependent on the size of
the sensing patterns (for dense-connection based methods) or the number of
convolutional patch-sampling operations (for convolutional-based methods).
For large images, these methods result in large intermediate feature maps and
increase the number of operations required for recovering an image. This is
because the number of sampling measurements and convolutional computa-
tions depends on the size of the feature maps. In addition, when the patterns
are loaded in hardware, such as a DMD, the maximum reconstruction reso-
lution will be limited by the size of the mirror array (which is fixed) used in
the sensing device.

The limitations of previous methods motivated us to design a hardware-
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friendly deep learning solution, incorporating binary sensing patterns to re-
construct high-resolution images. Previous papers have highlighted the im-
portance of integrating the DNN solutions with hardware [28, 29]. In this
respect, we go one step further than previous work and provide evidence that
our architecture performs well with imaging hardware. We propose a new
network architecture that:

1. Uses a mixed-weights network with sparse binary patterns which lends
itself naturally to hardware implementation and can be trained in an
end-to-end manner. Unlike floating-point numbers, binary patterns are
appropriate for both sampling and measuring hardware. Specifically,
the sparse binary patterns can be represented on a DMD without the
need for any additional modulation and require less on-board memory
usage. Our approach effectively increases the light intensity sensitivity
of the single pixel camera (the photo-diode) and the analogue to digital
conversion range, compared with methods based on real-valued sensing
patterns.

2. Uses a novel sensing-reconstruction scheme, which we term low-resolution
sensing with high-resolution reconstruction (LSHR), to directly recon-
struct high-resolution images from low-resolution sampled measure-
ments. Given a pattern generated by a DMD of fixed size, the network
reconstructs a high-resolution image which has more pixels than the
number of micro-mirrors in the array. This low-throughput sampling
scheme results in smaller feature maps, and therefore, fewer computa-
tional operations are required. Hence, it is more efficient than previ-
ously reported methods for use with hardware imaging set-ups.

3. Has a residual-correction sub-net that consists of a chain of recursive
residual blocks, where weights are shared between different blocks.
Compared with previous methods, our structure further reduces the
model size, making it ideal for the limited onboard memory capacity
of the hardware (e.g. single pixel camera) while yielding higher recon-
struction PSNR accuracy.

4. Achieves state-of-the-art results on benchmark datasets and has been
validated on proof-of-concept hardware.

The remainder of this paper is organized as follows: In Section 2, we review
the related work on sensing patterns. We describe the design of our proposed
network in Section 3. In Section 4 we show software simulation results for our
model and compare them with existing methods. In Section 5, we present
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the work of integrating the model with hardware. Finally, in Section 6 we
conclude our discussion and suggest potential future directions for the work.

2. Related work

The concept of neural network based image reconstruction was first im-
plemented using a fully-connected network [20]. Thereafter, the problem was
approached using convolutional neural networks which avoid the fixed size
input image constraint. We organized the related methods [20, 24, 25, 22,
21, 23, 26, 27, 31, 32, 28, 29, 30] into three categories according to the type of
sensing pattern used (randomly generated, learned and binary) and discuss
relevant prior work below.

Networks based on pre-generated (static) patterns. A stacked denois-
ing auto-encoder (SDA) was previously implemented [20] comprising fully-
connected layers. It was trained with measurements acquired by sensing
images with pre-generated random Gaussian patterns. Inspired by SDA,
ReconNet [24] was subsequently proposed. It improved the accuracy by ex-
tending the network with additional convolutional layers of different kernel
sizes. However the fully-connected layer caused heavy computation and large
model size, the sensing area was constrained to small patches of the original
image. In the post-processing step, the reconstructed small patches were
concatenated to form the whole image. The BM3D [33] was then applied
to smooth the edges between patches. The performance of the ReconNet
was further improved by DR2-Net [25]. Here the convolutional layers were
replaced with residual blocks which make the network easier to train. But
the sensing was still done in small patches. In contrast to previous methods
that used fixed (pre-generated) Gaussian sensing patterns, DeepInverse [22]
used real time generation of random patterns for sampling images.

Networks based on learned patterns. Some of the work described in the
previous paragraph has been modified such that the sensing patterns adapt
to a particular set of images through a learning process. The SDA was fur-
ther adapted to learn the patterns with a fully-connected layer that inputs
an image x directly into the network. The fully-connected layer was trained
to obtain the measurements y when presented with x. This operation can
be represented as y = σ(Wx + b) where the σ(·) is an activation function
and W and b are the weights and bias of the fully-connected layer. A similar
structure to SDA was also proposed that employed a fully-connected neural
network to implement the block-based compressed sensing [21]. The model
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was trained to jointly optimize the sensing patterns and the network weights.
DeepInverse was also optimized resulting in a new model named DeepCod-
edec [23]. It had an encoder-decoder architecture. The network was trained
to take measurements from images using several convolutional layers. Unlike
SDA, it gradually reduced the dimension of the intermediate feature maps
prior to generating the measurements. The efficiency was improved by ap-
plying convolutional layers. The ReconNet was also further improved using
learned patterns [26] and [28]. Before training, the fully-connected layer was
initialized with random Gaussian patterns. It was then updated during the
training. For testing the network, the trained patterns were fixed to perform
the sensing. The results showed further improvements in reconstruction accu-
racy due to learning the patterns. However, the fully-connected layer caused
intensive computation and blocking artifacts to appear in the reconstructed
images. To deal with the aforementioned limitations, the authors proposed
two networks, [27] and [29], that sensed images with a convolutional layer
with a small stride step to avoid the blocking artifacts.

Networks based on a binary matrix. Neural networks with binary weights
were initially designed for image classification tasks, [34, 35]. A network
for video reconstruction, using binary patterns, was described in [31]. The
network applied a 3D binary sampling matrix to down-sample a sequence of
the temporal video frames and learned a non-linear rule, mapping between
the measurements and the reconstructed frames via fully-connected layers.
In more recent network, DeepBinaryMask [32], followed the same strategy
of using a binary down-sampling matrix for sensing video frames but intro-
duced a learning procedure for generating the masks. However, their work
focused on temporal compression which is functionally different from the
spatial compression task which is the focus of our work. Inspired by the
SDA, a network with an improved architecture was proposed to implement
the CS image reconstruction [30]. Differently from previous reconstruction
methods, it is initial reconstruction consisted of multiple 1× 1 convolutions
and a reshape operation. The 1× 1 convolution, in principle, is functionally
equivalent to a fully-connected layer, which fixed the reconstructed image
size. After the convolution, the reconstructed 1D vector was reshaped into
an initial 2D image. In this work, they experimentally tested their model
with binary weights and bipolar weights for image sampling. However, the
simple replacement of sampling patterns did not involve the optimization of
the overall network. The reported results indicated that the reconstruction
accuracy of these two types of weights was sub-optimal compared with their
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floating-points-based model.
In Section 3, we describe our own network architecture, which aims to

solve the aforementioned limitations of the existing methods.

3. Overview of the proposed network

In this section, the network structure is explained in detail. The architec-
ture is shown in Figure 1. It is functionally divided into two parts, i.e. the
image reconstruction sub-net, and the residual correction sub-net.

Figure 1: The schematic of the proposed network. Our Network has two parts: one that
performs image reconstruction and a second part that determines the residual correction.
For the image reconstruction part, the network compressively senses the low-resolution
input image with static or learned binary patterns and reconstructs the preliminary image.
After that, the residual correction sub-net extracts the features from the preliminary image
and corrects the reconstruction error using a sequence of recursive residual blocks. Each
of these blocks is connected to the original feature maps through identity branches to
gradually learn the errors. Then the preliminary image and residuals maps are upscaled
through two branches and combined element-wise to generate the final output image.

Our LSHR scheme assumes an object scene is sampled with low-resolution
patterns. In practical applications, ground truth, high-resolution, images are
not known a priori. During the training stage, we use the original images
as our ground-truth and resample these at low resolution for the purposes
of simulating image quality typical of current single pixel imaging systems.
These low resolution and ground truth image pairs are used to train our
network.

The image reconstruction sub-net samples the low-resolution input im-
ages with binary patterns to generate the measurements. From those mea-
surements, the transposed convolution layer learns a non-linear mapping to
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generate a low-resolution version of the reconstructed image. After that, the
residual correction sub-net learns the detail corrections and up-scales the im-
age to the final high-resolution size with a phase shift operation. Together
these two parts are able to reconstruct the high-resolution image directly
from the low-resolution sampling.

3.1. Image reconstruction sub-net

The image reconstruction sub-net learns both the binary patterns and
how to reconstruct the image from the measurements. During the training,
the sampling process of the computational imaging is done using a convolu-
tional layer where the convolutional kernels act as the digital mirror array and
the kernel values (weights) act as binary patterns. When the trained model
is integrated with the hardware, the learned kernel values can be uploaded
to the digital mirror array to do the sampling and the measurements of the
back scattered light intensity are sent back to the network to reconstruct the
image.

The schematic of the image reconstruction sub-net is shown in Figure 2.
The sampling and reconstruction can be formulated as

x̃ = Fd(y,Wr) + b

= Fd(F(ϕ(x),Wb),Wr) + b
(2)

where x̃ is the reconstructed preliminary image. The Fd(·) is the transposed
convolution with Wr and b are the real-valued kernels and bias respectively.
The ϕ(·) down-scales the original images for simulating the sampling process.
The measurements y are generated by the convolution F(·) of image x and
the binary kernels Wb where each kernel corresponds to a sensing pattern.
In our work, we studied two approaches to generate the binary patterns, i.e.
the pre-generated and learned patterns. We describe these in detail below
and compare their performance (Section 4).

Randomly pre-generated binary weights. In this approach, the patterns
were randomly generated and remained static during the training. Before
the training, we initialized the binary weights from the random Bernoulli
distribution with Pr(1) = 0.5. The distribution was applied to each kernel
independently. During the training process, we updated the weights for the
rest of the network. In this approach, the network was trained to fit to
a specific set of static binary patterns. In our experiments, we compared
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