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Abstract

Compressive Sensing (CS) acquires sparse signals with far fewer measurements than sam-
ples required by the classical Nyquist sampling theorem, at the cost of more computationally
intensive reconstruction. Video Block Compressive Sensing (VBCS), using a Multi Pixel Cam-
era (MPC), divides the sensed image into blocks reducing storage requirements, and allowing
lower latency capture in parallel at the sensor. These approaches suffer from low performance
or long reconstruction times. Distributed Video Coding (DVC) techniques emerged at the turn
of the millennium for compressing video for transmission from resource constrained devices.
The rationale behind this thesis is to combine VBCS and DVC to develop a video transmission
system having a low power implementation. The focus is on three areas: the development of
real-time, computationally efficient sensor-side CS video frame compression and decoder-side
reconstruction techniques, the quantization and coding of image and video measurements for
transmission, and the exploitation of temporal correlation between frames to improve perfor-
mance.

With respect to the compression of independent video frames, this work proposes two novel
classes of techniques: Adaptive Block Compressive Sensing (ABCS) and re-purposed single
image super resolution. In the first class, two novel algorithms are proposed that adapt the
number of measurements in each block using initial measurements in the spatial or discrete
cosine transform domains. These achieve State of the Art (SOTA) performance amongst ABCS
algorithms. A SOTA Iterative Denoising Algorithm (IDA) is also developed that can deblock
and improve the rate-distortion quality, with a time penalty. In the second class, an algorithm
(Shrink) is developed that combines a bicubic interpolator with an antialiasing filter to perform
downsampling on an MPC. GPU-based reconstruction algorithms are used to super resolve the
downsampled images at the decoder in real time improving quality at high compression.

Two algorithms are developed to quantize and code ABCS sensed frames for digital trans-
mission: a JPEG-like algorithm and a novel, low-complexity table based algorithm: TAB. At
low compression factors, the best performance is achieved by the JPEG-like algorithm that
allows the ABCS techniques to match the JPEG rate-distortion performance even though the
frames are compressively sensed. TAB performs better at higher compression factors. Shrink
is encoded with a low-complexity algorithm based on Golomb coding and achieves better rate-
distortion than the end-to-end ABCS algorithms at high compression.

Temporal correlation is exploited at the encoder to better adapt the number of measurements
per block. At the decoder, it increases the quality of the highly compressed non-key frames to
match that of key frames that are periodically coded with higher quality. ABCS techniques are
found to exploit temporal correlation significantly better than Shrink based techniques. A pro-
posed VBCS algorithm using differential pulse code modulation and video frame interpolation
is shown to achieve SOTA results from a dimensionality reduction perspective. Finally, the TAB
algorithm is improved to better compress encoder measurements for end-to-end transmission.
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THI2 Threshold over all Image Blocks

TV Total Variation

VCS Video Compressive Sensing

VDSR Very Deep Super Resolution

VFI Video Frame Interpolation

vMPC Virtual MPC

VSR Video Super Resolution

ZZF Zig-Zag Scan Filter



Notation

x Scalar

x Vector

X Matrix

LCM(:) Least common multiple operator

min(:) Minimum function

max(:) Maximum function

kxk0 Number of nonzero elements;L0 norm

kxkp Lp norm

bxc Floor operator, roundsx to the nearest integer less than or equal tox

dxe Ceil operator, roundsx to the nearest integer greater or equal tox

X+ Positive matrix i.e. a matrix with elements that are greater or equal to zero

I Identity matrix with ones on the diagonal, zeroes elsewhere

J Unit matrix with allM � N elements equal to one

x̄ The complement of x

DCT(:) Discrete 2D cosine transform

IDCT(:) Inverse 2D discrete cosine transform

� Element-wise multiplication

jxj Modulus, i.e. the absolute value, ofx

diag(:) Function returning elements on matrix diagonal

1 Vector with all ones
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Chapter 1

Introduction

Transmitting video from resource constrained wireless sensors is challenging because of the

high bit rate associated with the video signal and the computational complexity of source cod-

ing algorithms required for its compression [1]. Classical Distributed Video Coding (DVC)

techniques are based on the Slepian-Wolf distributed source coding theory [2] that allows a

decoder to bene�t from correlation at the source without explicit exploitation at the encoder,

for example using Motion Estimation (ME) and Motion Compensated Prediction (MCP). DVC

assumes implicitly that capturing video is power-ef�cient, and focuses on compressing video

as ef�ciently as possible, so that it can be transmitted viably from the sensor. This means that

computationally intensive operations, such as ME and MCP, have to be moved to the decoder

where they can exploit the correlation between frames to increase reconstruction quality. This

would lead to a rise in transmission bitrate, and is countered by transmitting some of the frames

at a lower bit rate, normally resulting in lower visual quality at the decoder. However, it is pos-

sible to leverage the correlation between frames to restore video quality. The distributed source

coding theories of Slepian and Wolf [2] and Wyner and Ziv [3], show that we can transmit cor-

related data without exploiting correlation at the encoder, at a lower rate than that required if

we assume the data is uncorrelated, and still recover the full information at the decoder.

Compressive Sensing (CS) [4], [5] represents a departure from the normal source coding

paradigm, of sampling an analogue signal at the Nyquist rate, digitizing the samples at the

highest possible signal-to-quantization-noise-ratio and then using complex source coding algo-

rithms to compress the data as much as possible. In CS, the capture and compress processes are

combined to obviate the need for computationally intensive source coding algorithms. How-

ever, Goyal [6] cautions, using information theoretic arguments, that the compression factors

achievable with CS alone, are lower than those that can be achieved by classical source coding

paradigms. This means that some form of lower-complexity source coding is still required prior

to transmission.

CS senses a multidimensional signalx 2 RN by performing the inner product between all

the dimensions ofx and rows of a measurement matrixFFF M� N. The CS operation generates an

M dimensional compressed signaly = F xy = F xy = F x, that isy 2 RM. This reduces the dimensionality ofx

from N to the dimensionality ofy, achieving a compression ratio,d = M=N. Note that a higher

24
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compression ratio means more compressive measurements.

Applying CS to video frames requires the storage of the measurement matrixFFF M� N at

the encoder. Contemporary video CS techniques operate on a video signal with a Group of

Pictures (GOP) structure. The leading key frame in the GOP is coded with a higher quality than

the remaining non-key frames. The key frame is typically coded with a compression ratiod in

the range 0.4 to 0.7 in the literature. This means that even for a modest resolution, for example

that of the classical Common Intermediate Format (CIF) video frame (352� 288 pixels), the

storage requirement of the measurement matrixNs = d � N2 is of the order of gigabytes when

representing each matrix coef�cient by an integer (e.g., 16 bits) and is impractical for resource

constrained sensors. Generating the matrix on the �y would be too power inef�cient. The

solution to this problem, proposed in the literature [7], [8], is to break the video frames into sub-

image blocks of sizeB� B pixels, where B is typically 4, 8, 16 or 32. The same measurement

matrix being used to compressively sense each block.

However, block-based CS of video frames comes with two problems. The �rst arises from

the fact that the number of measurementsM required by CS theory is proportional to the sparsity

of the signalS, that isM = kSlog(N=S) [9], wherek is a constant with typical values in the

range {2: : :6}. The sparsity is the number of non-zero coef�cients, in some domainY that

can represent the signal with the desired quality. If the video frame is processed as one block,

there is one sparsity value for the frame. With block-based processing, each block has its own

sparsity level, that is changing from frame to frame. In adaptive block-based image CS, the

sparsity of each block is estimated prior to compressively sensing it [10]. The challenge is to

estimate the sparsity with as low a complexity and overhead as possible.

The second problem caused by block-based coding, is that of blocking artefacts appearing

in the reconstructed image, if the CS reconstruction is also block-by-block. This can be solved

by applying deblocking �lters or by sensing the image block-by-block but reconstructing it as a

whole, using a full-image sensing matrix that is composed of the block sensing matrices on its

diagonal, that isF IF IF I = diag(F BF BF B) [7].

In this dissertation, bold capital letters represent matrices, bold lower case letters represent

vectors, and normal case letters, scalar values. Consider a multidimensional signalx 2 RN

with a sparse representationfff 2 RM in some domainY, that is f = Yxf = Yxf = Yx. Then the compressive

samples ofy, produced by the measurement matrixFFF are given byy = FY x+ ny = FY x+ ny = FY x+ n wherennn is the

measurement noise. The reconstruction ofx requires the solution of this equation. However,

this is an ill-posed problem because the sensing matrixA: = FYA: = FYA: = FY 2 RM� N andM << N. Yet

the equation does have a sparse solution becausex is S-sparse, andM = kSlog2(N=S) > S. A

tractable solution can be pursued by �rst casting it as a convex linear program:

min
x

kxk1; s:t: kAx � yk2
2 < e; (1.1)

wheree is a measure of the noise level, and solving it using state-of-the-art Linear Program-

ming (LP) solvers. This is nontrivial and time consuming, and a signi�cant number of recon-

struction techniques have been proposed to accelerate the solution, such as matching pursuit
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[11], Bayesian [12], Approximate Message Passing (AMP) [13] and Denoising AMP (D-AMP)

[14].

Recently, Convolutional Neural Networks (CNNs) have been applied to solve equation (1.1)

[15], [16], [17], [10]. A number of authors have also proposed CNNs that can reconstruct

compressively sensed images in 10's to 100's of milliseconds, such as ReconNet [18], CS-Net

[19], ISTA-Net and ISTA-Net+ [20], and SCSNet [21]. The reconstruction times of these CNNs

allows CS video to be transmitted at tens of frames per second, but without exploiting temporal

correlation between frames, generating large bit-rates.

Video Compressive Sensing (VCS) techniques have been proposed that exploit temporal

correlation by multihypothesis prediction, motion compensated prediction or optical �ow at the

decoder such as ME/MC [22], RRS [23], and SGS-OF [24]. Recently VCS has been recon-

structed using CNNs, for example VCSNet[25].

1.1 Aims and objectives

The main aim in this dissertation is to develop video compressive sensing techniques that

maximise frame-rate and quality in dimensionality reduction applications, and end-to-end dis-

tributed video compressive coding systems that maximise energy ef�ciency, for example in

autonomous wireless sensor networks.

Increasing the frame rate requires the use of block-based video compressive sensing and this

has the added bene�t of decreasing the measurement matrix size by orders of magnitude. Block-

based CS (BCS) leads to the problem of variable sparsity in the blocks. Adaptive block-based

CS techniques and deblocking �lters will be investigated to solve this problem.

The use of deterministic measurement matrices with a fast inversion algorithm will be in-

vestigated. Quality improvements will be pursued through the use of fast CS reconstruction

algorithms that leverage CNN-based algorithms implemented on Graphics Processing Units

(GPUs).

Another objective is to adopt and adapt distributed video coding methods to distributed

video CS, in order to exploit temporal correlation between frames, whilst implementing energy

ef�cient encoders.

1.2 Contributions

1.2.1 Chapter 3

A framework is proposed for comparing energy-ef�cient compressive image and video sensors.

Nine parameters are identi�ed, two pertaining to quality, four to energy ef�ciency, one to frame-

rate, one to signal to noise ratio and another to computational complexity. The framework is

used to compare the end-to-end image and video transmission systems developed in chapters 6

and 8.
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1.2.2 Chapter 4

The deterministic partial Discrete Cosine Transform (DCT) measurement matrix is employed in

the non-adaptive, block-based L-DCT-ZZ algorithm that can be reconstructed with good quality

in under 10ms for a 256� 256 image. Two deblocking algorithms are developed that deblock

the reconstructed images in the DCT domain.

Two novel, Adaptive Block-based Compressive Sensing (ABCS) algorithms are developed,

that employ the deterministic, low-pass, 2D-DCT sensing matrix, namely, (i) adaptive linear

2D-DCT with block boundary variation estimation (AL-DCT-BBV), and (ii) adaptive linear

2D-DCT with DCT Domain estimation (AL-DCT-DD). These algorithms estimate block spar-

sity in the spatial and transform domains respectively, and vary the number of compressive

measurements in each block. The algorithms can be reconstructed using the inverse 2D DCT

transform in under 8 ms and 30 ms for 256� 256 and 512� 512 images respectively.

A further contribution is the development of the Iterative Denoising Algorithm (IDA), de-

rived from the D-AMP algorithm [14]. IDA uses a CNN-based denoiser and can be used to

post-process the output of the AL-DCT-BBV and AL-DCT-DD algorithms. IDA reconstruction

achieves State-of-the-Art (SOTA) Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity

Index Measure (SSIM) results amongst ABCS results published in the literature. IDA recon-

structs a 256� 256 image in around 5.5 seconds.

1.2.3 Chapter 5

The Shrink algorithm is proposed that can implement the Matlab imresize bicubic interpolation

and anti-aliasing function as a 2D convolution on Single Pixel Cameras (SPCs) or Multi Pixel

Cameras (MPCs). When combined with a state-of-the-art CNN-based single image super reso-

lution algorithm, Shrink-IMDN exceeds the PSNR performance of the best IDA-reconstructed

ABCS algorithms in chapter 4 and CNN-based image CS algorithms in the literature, below a

compression ratio of 0.15. Above this value, the IDA reconstructed AL-DCT-DD-IDA algo-

rithm performs best.

1.2.4 Chapter 6

Two low-complexity algorithms, a JPEG adaptation and TAB, are proposed that can quantize

and encode the ABCS algorithms developed in chapter 4. The JPEG-style algorithm renders

the rate distortion performance of the ABCS algorithms equivalent to the classical JPEG algo-

rithm but with signi�cantly less compressively sensed Transform Coef�cients (TCs). The TAB

algorithm uses 32� 32 blocks and achieves better performance than JPEG below 0.3 bits per

pixel (bpp).

When IDA is used to reconstruct the JPEG encoded images, the rate-distortion performance

exceeds that of JPEG by a considerable amount and matches the JPEG2000 PSNR between 0.4

and 0.6 bpp. The SSIM performance is substantially above JPEG2000 above 0.25 bpp.
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A low-complexity algorithm is developed to encode the output of the Shrink algorithm

based on spatial Differential Pulse Code Modulation (DPCM) followed by entropy coding algo-

rithms. Alternatively, the subsampled Shrink images can be coded using standard compression

algorithms such as JPEG2000 or PNG. When super resolved using state-of-the-art CNN-based

algorithms, performance is better than JPEG below 0.2 bpp.

1.2.5 Chapter 7

Distributed video adaptive compressive sensing algorithms are developed that exploit temporal

correlation at the decoder. A GOP structure with a leading key frame is adopted. Block MCP

or Video Frame Interpolation (VFI) is used to predict non-key frames from the key frames. The

predicted frames are also used in a DCT-domain DPCM operation with the reconstructed non-

key frames to improve the quality. Finally, three versions of the non-key frames; 2D IDCT

reconstructed, MCP or VFI predicted, and DPCM predicted, are processed by a best pixel

discriminator function that selects best pixels for the output image. The VFI version of the

Video AL-DCT-DD (VAL) algorithm, VAL-VFI, achieves state-of-the-art performance from a

dimensionality reduction perspective. IDA reconstruction improves the performance of VAL-

IDA-VFI above that of VAL-VFI.

When the Shrink algorithm replaces AL-DCT-DD to sub-sample key and non-key frames,

the video sSuper Resolution (SR) algorithm exceeds the performance of state-of-the-art CNN-

based video super resolution algorithms. However, the VAL-VFI and VAL-IDA-VFI algorithms

have superior performance.

1.2.6 Chapter 8

The dimensionality reduction algorithms are modi�ed to quantize and entropy code the trans-

form coef�cients. A modi�ed version of the TAB algorithm developed in chapter 6 is used

to encode the VAL coef�cients. The best performing algorithm, VAL-TP-IDA-VFI approaches

the performance of the well-known DISCOVER DVC algorithm [26], whilst being more energy

ef�cient due to compressive sensing.

1.3 Publications

These contributions have led to the following publications:

• J. Zammit and I. J. Wassell, "Adaptive Block Compressive Sensing: Toward a Real-Time

and Low-Complexity Implementation," in IEEE Access Journal, vol. 8, pp. 120999-

121013, 2020, doi: 10.1109/ACCESS.2020.3006861.

• J. Zammit and I. J. Wassell, "Distributed Video Adaptive Block Compressive Sensing"

pre-print, https:==arxiv.org=a=zammit_j_1.html
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1.4 Dissertation structure

Chapter 2 introduces the theory of compressive sensing and the AMP and D-AMP iterative re-

construction techniques that have been applied successfully to reconstruct compressively sensed

images. CNN-based techniques that have been proposed to accelerate reconstruction are then

reviewed, followed by a brief introduction to video compressive sensing. CS camera technology

is identi�ed that guarantees the feasibility of the algorithms developed in this dissertation. The

chapter identi�es deterministic sensing matrices, adaptive block-based image CS, distributed

video coding techniques and super resolution as having potential to deliver the objectives of

this dissertation.

A framework for comparing the performance and energy ef�ciency of compressive image

and video sensors is presented in chapter 3. The implementation of convolutional operations

on a multipixel camera is investigated and the number of analogue to digital conversions per

compressively sensed image is calculated and integrated with the comparative framework.

Chapter 4 presents two novel ABCS algorithms using the partial 2D DCT transform as a

measurement matrix and two techniques to deblock the 2D-IDCT reconstructed ABCS algo-

rithms in real-time. The D-AMP algorithm is interpreted as a feedback system and modi�ed to

implement the IDA that can reliably reconstruct adaptively sensed images. The IDA algorithm

is shown to deliver state of the art performance especially when combined with the CNN-based

DnCNN [27] denoiser.

Chapter 5 shows how the Matlab bicubic interpolation and anti-aliasing function can be

implemented as a convolution on compressive sensing cameras. This leads to the de�nition

of the Shrink compressive, subsampling algorithm that produces subsampled images that can

be reconstructed using two GPU-accelerated, super resolution CNNs. A comparison with the

image CS techniques developed in chapter 4 and state-of-the-art algorithms shows the potential

of the Shrink-based algorithms for video CS.

The image CS and SR algorithms developed in chapters 4 and 5 are quantized and low-

complexity encoded in chapter 6. Two low-complexity encoding techniques are proposed for

the image CS algorithms, and one for the image SR algorithm. The end-to-end techniques are

compared and the super resolution algorithms are shown to produce competitive results and are

shown to be worthy of further study.

Two distributed video CS algorithms and one distributed video SR algorithm are designed

in chapter 7 and studied from a dimensionality reduction perspective. The distributed video

CS algorithms exploit temporal correlation using DPCM at the encoder. The three algorithms

exploit DPCM and motion compensated prediction or video frame interpolation at the decoder.

The distributed video CS algorithms perform better than the distributed video SR counterpart

and achieve state-of-the-art results, even in real-time reconstruction.

Chapter 8 shows how the CS measurements of the distributed video CS algorithms de-

veloped in chapter 7, can be quantized and encoded for end-to-end digital transmission. The

techniques are compared with a classical distributed video coding algorithm.

Conclusions are drawn in chapter 9. Suggestions for further work are also presented.



Chapter 2

Preliminaries

Compressive Sensing (CS) is predicated on sensing a signalf 2 RN usingM = O(S� log(N=S))

non-adaptive measurements with a measurement dictionaryFFF that is incoherent with the basis

YYY in which the signal of interest is sparse [9]. The sparsitySis the number of non-zero compo-

nents of signalx such thatf = YYY � x. The development of appropriate measurement dictionaries

has been the subject of intense research with random, structurally random and deterministic

dictionaries proven to be suitable for CS. CS theory is overviewed in section 2.1.

Image and video CS have proven to be very challenging because of the large volumes of data

associated with these sources. Reconstruction is particularly challenging and a large number of

techniques have been developed to accelerate reconstruction. CS reconstruction techniques

are overviewed in section 2.2, with a focus on the Approximate Message Passing (AMP) and

Denoising AMP (D-AMP) iterative techniques, as examples of fast reconstruction algorithms,

in sections 2.2.1 and 2.2.2. Recent work on the use of Deep Neural Networks (DNNs) and

Convolutional Neural Networks (CNNs) to accelerate image CS reconstruction is then reviewed

in section 2.2.3.

The development of CS theory led to the development of the Single Pixel Camera (SPC),

initially as a proof of concept tool. However, sensing of sparse signals predates the develop-

ments in CS. Focal Plane Processing Sensors (FPPS) have been proposed, with some systems

performing transforms and pixel operations adjacent to the pixel. It is possible to re-purpose

these systems to capture samples based on the measurement matrices developed using CS tech-

niques. Camera systems for image and video CS are overviewed in section 2.4. This chapter

concludes by proposing the research directions for the work in the rest of this dissertation.

2.1 Compressive image sensing

In sensing applications, it is often the case that information needs to be extracted from a set

of measured data points. Takingf 2 RN as the signal of interest andy 2 RM as the measured

signal, the relationship between the two can be written as:

y = FFF f; (2.1)
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whereFFF 2 RM� N is the measurement matrix sampling signalf to givey. If linear measurements

of f are taken, then the reconstruction problem is reduced to solving a set of linear equations.

The classical Nyquist-Shannon sampling theorem sets the sampling rate to twice the highest

frequency forf to be reconstructed. CS theory shows that it is possible to representf with only

M = O(S� log(N=S)) non-adaptive measurements [9].

In a CS framework, the signal of interestf has a discrete representationx 2 RN in some

transform domain with basisYYY 2 RN� N such thatf = YYYx. Vectorx is de�ned as sparse if it

containsSnon-zero elements such thatS� N. The measured signaly is therefore given by:

y = FYFYFY x: (2.2)

Grouping the measurement matrix and sparsifying basis matrix gives:

y = Ax; (2.3)

whereA = FFFYYY 2 RM� N is de�ned as the sensing matrix. The goal in CS is thus to represent

the original signal usingM < N samples, substantially below the Nyquist rate. As the locations

of theSsparse non-zero values ofx are not known in advance, reconstruction involves solving

the undetermined set of equations represented by (2.3) [28].

Two main questions arise from equation (2.3): (i) how should the measurement and sensing

matrices be chosen; and (ii) how does one solve forx? As the solution of (2.3) involves locating

the non-zero components in vectorx, the most natural approach is anL0 minimization, which

can be written as:

min
x

kxk0 s:t: Ax = y: (2.4)

As L0 minimization is NP-hard and thus computationally intractable, a common approach

is to rewrite the problem as anL1 minimization:

min
x

kxk1 s:t: Ax = y: (2.5)

Solving equation (2.5) can now be achieved via linear programming, which is tractable

[28], and is commonly referred to as basis pursuit [28]. Faster reconstruction methods have

been proposed in the literature, such as matching pursuit [11], AMP [13], D-AMP [14] and

neural networks [15].

In real-world applications, noise is always present, and rewriting (2.3) to take this into ac-

count gives:

y = Ax + n; (2.6)

wheren 2 RM represents Gaussian noise. The convex relation in (2.5) does not hold in this

instance. However, it can be replaced by Basis Pursuit Denoising (BPDN) [28] giving:

min
x

kxk1 s:t: kAx � yk2
2 < e; (2.7)
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where the noise estimatee depends onn.

An important feature of the sensing matrix is that it should preserve the information perti-

nent to the sparse signalx. There are several conditions that can determine whether a sensing

matrix possesses this feature. Three well-known properties are (i) the Restricted Isometry Prop-

erty (RIP), (ii) the null space property, and (iii) mutual coherence. The sensing matrix that

satis�es any of these three properties possesses the required information preservation feature

[28].

It has been shown that whenA is a random Gaussian matrix, it satis�es the RIPproperty

[28] with high probability. Gaussian matrices are often used as the measurement matrices in

the image CS literature. When the measurement matrixFFF is Gaussian, the resulting sensing

matrix A = FYFYFY is also Gaussian (because of the af�ne property of multivariate distributions)

and bene�ts from satisfying the RIPwith high probability. Simpler matrices, such as random

(scrambled) Hadamard matrices, are also RIPcompliant (studied as structured random sampling

matrices in [28]) and have added implementation advantages, especially on Digital Micromirror

Device (DMD) cameras [29]. However, optimal performance can be obtained using Gaussian

or Bernoulli i.i.d matrices [4].

2.2 Reconstruction algorithms

Many compressive sensing reconstruction algorithms exist to recover sparse signals from com-

pressive samples. Recently, Pilastri and Tavares presented a taxonomy of reconstruction al-

gorithms in compressive sensing [30]. In this taxonomy, the algorithms are grouped into six

clusters: convex relaxation, greedy, non-convex, iterative, Bregman iterative, and combinato-

rial.

Reconstruction algorithms are characterized by their inherent complexity and the minimum

number of compressive samples from which they can reliably recover the sparse coef�cients

and hence reconstruct the signal.

In image and video coding, we encounter signals whose transform in some domain is only

approximately sparse; hence, we need reconstruction algorithms that can recover the predomi-

nantSsparse components in the presence of “noise” consisting of a long tail of small, non-zero

components. If the sorted coef�cientsxi decay with a power law, such that:

jxi j � ci� p; (2.8)

wherec is a constant andp � 1, then,xi is calledp-compressible and can be approximated

by a sparse signal (de�nition 2.2 in [28]). The transform coef�cients of the images and video

�t this model [31].



Chapter 2. Preliminaries 33

2.2.1 Approximate message passing

In 2009, Donoho et al. [13] proposed AMP as a faster alternative to LP as a reconstruction

technique for CS. AMP adds a correction term to Iterative soft-thresholding algorithm (ISTA)

[32] to vastly improve convergence.

In ISTA , the inverse noisy problemy = Ax + n is solved forx iteratively. LetA be the

M � N sensing matrix withM < N, y a vector withM measurements, andxt 2 RN the current

estimate of the sparse solution. Then, starting from an initial guessx0 = 0, xt is computed by

solving equations (2.9) and (2.10) iteratively:

xt+ 1 = ht(A� zt + xt); (2.9)

zt = y � Axt; (2.10)

wherezt is the current error,A� is the transpose ofA, andht is a scalar threshold function

that is applied component-wise. This simple iterative scheme can be applied to larger-scale

applications than standard LP solvers because of the very low cost per iteration and low storage

requirements [13].

It is shown that adding the Onsager correction term 1=dzt� 1hh 0
t� 1(A� zt� 1 + xt� 1)i to (2.10),

derived from belief propagation in graphical models, improves the convergence of the ISTA

solution. The operatorhui performs the component-wise mean of the vectoru, that is,hui �

å N
i= 1ui=N; h 0

t is the derivative ofht andd = M=N (equivalent toCR in this dissertation).

The AMP algorithm then �ndsx iteratively by solving (2.11) and (2.12) below:

xt+ 1 = ht(A� zt + xt); (2.11)

zt = y � Axt +
1
d

zt� 1hh 0
t� 1(A� zt� 1 + xt� 1)i ; (2.12)

The authors in [13] further show that the AMP solution has the same theoretical sparsity-

undersampling trade-off as the LP-based reconstruction.

2.2.2 Denoising AMP

Metzler et al. [14] extended the AMP framework by replacing the thresholding nonlinearityht

with a denoiserDs , that can be applied to reduce the Gaussian noise in the estimatex0 + s z,

wherez = N(0;1) is Gaussian with zero mean and unit variance. They do this to leverage the

rich literature on image denoisers, which has led to sophisticated algorithms that can remove

Gaussian noise with large variances 2 from images. Their D-AMP iterations are given by

equations (2.13) to (2.15):

xt+ 1 = Dŝ t (xt + A� zt); (2.13)
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zt = y � Axt +
1
d

zt� 1div[Dŝ t� 1(xt� 1 + A� zt� 1)]
m

; (2.14)

(ŝ t)2 =
kztk2

2
m

; (2.15)

wherediv[D(x)] = å n
i= 1

¶D(x)
¶xi

, xi is theith element ofx, n is the size ofx, andm is the number

of measurements.

2.2.3 Accelerating reconstruction using deep neural networks

Reconstruction using D-AMP takes tens of seconds to reconstruct images, which is still to long

for real-time video CS reconstruction, where it is required to reconstruct images in tens of

milliseconds. However, accelerating CS reconstruction is possible using the parallel processing

capabilities of Graphics Processing Units (GPUs). The path to achieve this is through the use of

GPUs to accelerate DNNs, of which CNNs are the most pertinent for image processing tasks.

This section reviews how CNNs have evolved to reconstruct CS images in tens of milliseconds.

In 2006, Hinton and Salakhutdinov [33] reignited interest in neural networks by showing

that deep neural networks can be built by �rst pretraining two layers at a time, then unrolling –

or concatenating – them into deep networks, and �nally �ne-tuning the weights using backprop-

agation [34]. In their seminal work, they designed one autoencoder with 2000� 1000� 500� 30

nodes in the encoder, by �rst pretraining a stack of Restricted Boltzmann Machines (RBMs),

each with one layer of feature detectors. They then �ne-tuned the cascaded encoder, and a

transposed decoder, using backpropagation. The designed autoencoder outperformed Principal

Component Analysis (PCA) on a 25� 25 pixel image test set.

Gregor and LeCun �rst studied learning fast approximations of sparse coding [35]. They

considered the solution of the LASSO program using the ISTA algorithm, time-unfolded it,

and truncated it to a �xed number of iterations, to provide an approximate solution. They

then proposed using backpropagation to learn the Learned ISTA parameters. They showed that

Learned ISTA is about twenty times faster than Fast ISTA.

Burger et al. �rst studied the use of neural networks to denoise images [36]. Xie et al. were

the �rst to employ deep neural network to denoise and inpaint corrupted images [37]. These

two papers showed that neural networks can match state-of-the-art denoisers for quality and

beat them on speed.

In 2015, Angshul Majumdar proposed reconstructing dynamic MRI in real-time using a

Stacked Denoising Autoencoder (SDA) [38]. The author sates“The SDA is not related to CS.

But CS is a non-linear inversion operator; we hope that SDA will be a good tool to learn

the non-linear inversion operation and yield good quality images”. An SDA is then trained

on 100� 100 pixel images, and achieves poorer performance than non-real-time, of�ine MRI

video reconstruction techniques, but close to Kalman �lter and differential CS real-time, online,

techniques. The author reports that reconstruction speeds using Matlab on a 3.1 GHz Core i7
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CPU, were 0.33 seconds for Kalman �lter, 0.13 seconds for differential CS and 0.0274 and 0.03

seconds for 2-layer and 3-layer SDA s.

Motivated by the work of Hinton on autoencoders, Mousavi, Patel and Baraniuk conducted,

what they claim to be, the �rst study to propose a deep learning approach to recover compres-

sively sensed images [15]. The proposed stacked denoising autoencoder either reconstructs the

compressive samples from a conventional linear measurement encoder (3-layer Linear SDA ),

or includes an additional �rst layer which will perform non-linear measurements (4-layer non-

liner SDA ). This additional layer, is trained together with the three decoding layers, and can

therefore adapt to the class of training signals. The feed-forward, block-based, deep neural nets

are trained on the ILSVRC 2014 image database [39], converted to 256� 256 greyscale images,

and normalized to [0,1]. The study focused on a subrate M/N of 0.25. The authors compared

the trained DNNs with D-AMP , Tiled D-AMP and Total Variation (TV). Whereas the conven-

tional reconstruction schemes took tens of seconds to reconstruct an image, the trained DNNs

reconstructed the image in 2 milliseconds, with better quality than tiled D-AMP . We note that

this reconstruction time is very suitable for real-time video play-back.

Kulkarni et al. proposed ReconNet, a novel CNN to non-iteratively reconstruct compres-

sively sensed images [18]. The authors also include results from a single pixel camera they built,

and a visual tracking algorithm. Kulkarni et al. also claim theirs to be the �rst peer-reviewed

work on non-iterative recovery of CS images using neural networks, although they acknowledge

the prior non-peer-reviewed work of Mousavi et al. Reconnect is a six-layer CNN, an operates

on 33� 33 pixel image blocks. The CNN is trained on 21,760 patches obtained from a database

of 91 training images. ReconNet was compared with four algorithms: D-AMP ; min TV; SDA

; and NLR-CS, at subrates of 0.25, 0.10, 0.04 and 0.01. ReconNet returned the best PSNR

at the 0.1, 0.04 and 0.01 sub-rates, and reconstructed images in approximately 20 ms whereas

SDA took less than 3 ms. Post-processing the reconstructed images using BM3D was found to

increase PSNR, at the expense of time.

Iliadis et al. acknowledged the prior work on SDAs [15] and CNNs [18] and proposed the

�rst DNNs to reconstruct 3D temporal video CS [40]. Temporal video CS encodes a sequence

of frames into one frame, by multiplying each frame with a binary mask and adding the resulting

coded frames together. CS reconstruction techniques then recover the frames with high spatial

and temporal resolution [41]. The authors consider 8� 8 � 16 spatio-temporal blocks, with

16 stacked 8� 8 blocks, from 16 video frames. The measurement matrix is of the same size,

and repeats in both vertical and horizontal directions. The fully connected DNN thus has an

8� 8 = 64 input layer, k hidden layers, and one 8� 8� 16= 1024 output layer. Training was

conducted using 10 million 8� 8� 16 video blocks from 400 high de�nition YouTube videos.

A seven layer DNN achieves state of the art performance but requires 10 s to reconstruct 16

frames.

Adler et al. were also pioneers in this area, claiming the �rst fully-connected DNN approach

to reconstructing block-based compressively sensed images [42]. The authors were inspired by

the work of Burger [36] who pioneered the use of DNNs in image denoising. A three-layer DNN



Chapter 2. Preliminaries 36

Figure 2.1: The spectrum of signal recovery algorithms, from [16]

was found to perform best, with a fully connected �rst layer performing blocked-based sensing,

and two reconstruction layers followed by recti�ed linear units. The best block size was found

to be 16� 16 pixels, whereas the two reconstruction layers had 8� B2 fully-connected nodes. At

a sensing rate of 0.25, Matlab reconstruction took 0.8 s, whereas the compared reconstruction

schemes, based around Fowler et al.'s BCS schemes, varied from 6.39 to 207.32 seconds. In

contrast, full image min TV took 1675.09 seconds. The fully connected DNN also performed 1

dB to 2 dB better than all the other compared schemes at sub-rates between 0.1 and 0.3.

Borgerding and Schniter unfolded the AMP algorithm and trained a deep neural network

to solve sparse linear inverse problems [43]. Learned AMP is shown to be an improvement on

Gregor and LeCun's Learned ISTA DNN, for the same reason that AMP is better than ISTA.

The authors also unfolded the VAMP algorithm, and the Learned VAMP (LVAMP) network

was found to be an improvement over Learned AMP.

Inspired by the work of Borgerding and Schniter [43], Metzler, Mousavi and Baraniuk

unroll Denoising-based Iterative Thresholding (D-IT), D-AMP and Denoising-based VAMP

(DVAMP) to produce CNN-based Learned D-IT (LDIT), Learned D-AMP (LDAMP) and Learned

DVAMP (LDVAMP) [16]. The authors opine that by unrolling algorithms with a strong theo-

retical framework, and implement them in otherwise `unprincipled' deep neural networks, the

resulting learnt DNNs will become `principled-CNNs'. The paper also presents a categorization

of signal recovery algorithms which is reproduced from their �gure 1 in �gure 2.1.

The authors found that LDAMP and LDVAMP delivered equal performance, which was

superior to LDIT. Hence, we only outline LDAMP here. LDAMP was implemented as a 10-

layer unfolded D-AMP with a Denoising CNN (DnCNN) denoiser [27] which is itself a 20 layer

CNN [16]. The 382,464, overlapping, 50� 50 pixel training image blocks were pulled from the

Berkley BSD-500 dataset [44]. LDAMP was found experimentally to surpass the state-of-the-

art BM3D AMP and NLR-CS algorithms, and is more than 60 times faster. At a sampling rate

of 0.10, LDAMP reconstructs an image in 0.4 s, BM3D-AMP in 4.8 s and NLR-CS in 85.91 s.

Mousavi and Baraniuk also experimented with non-block-based, full-image, CS reconstruc-

tion using a deep neural network called DeepInverse [45]. The input signal proxy is obtained by

multiplying the measurement vector with the transpose of the measurement matrix. The output

signal is then reconstructed using three convolutional layers. The PSNR performance for Deep-

Inverse was better than TV minimization and P-AMP at all tested sub-rates (0.01, 0.1 and 0.2).

D-AMP PSNR was signi�cantly better at 0.1 and 0.2, however DeepInverse was signi�cantly

better at 0.01. Reconstruction time with DeepInverse was a constant 10ms, whereas the other

algorithms required more than one second to reconstruct a 64� 64 pixel image.
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Yao et al. recently proposed a novel DNN, called deep residual reconstruction network –

DR2-Net, based on a fully-connected linear mapping unit, followed by four residual learning

blocks [46]. The block size adopted was 33� 33 pixels and the residual training blocks each

consists of three convolutional layers: the �rst using an 11� 11 kernel with 64 feature maps,

the second with 1� 1 kernels and 32 feature maps, and the third generates 1 feature map with

a 7� 7 kernel. The training was based on 86,656, 33� 33 pixel patches extracted from the

same 91 images used by [18]. DR2-Net was compared with TVAL3, NLR-CS, D-AMP , SDA

and ReconNet, at sampling rates of 0.25, 0.1, 0.04 and 0.01, with and without a post-processing

BM3D �lter. DR2-Net was found to be signi�cantly better than all other techniques at sampling

rates of 0.1, 0.04 and 0.01, on eleven 256� 256, monochrome test images. Execution time was

56.5 ms to reconstruct one 256� 256 monochrome image.

Compressed sensing algorithms are developed in this thesis, based on deterministic CS dic-

tionaries, that can be reconstructed in real-time with and without using GPUs and that perform

better than DNN -based techniques surveyed in this section. The literature also inspired the

development of the GPU-accelerated, Iterative Denoising Algorithm (IDA) that produces state-

of-the-art results when reconstructing images produced by the compressed sensing algorithms,

though not in real-time.

2.3 Video compressive sensing

Initial work on video encoding and transmission from resource constrained sensors, concen-

trated on moving resource intensive operations, for example motion estimation and compensa-

tion, from the encoder to the decoder. The work was motivated by the side information coding

theorems of Slepian and Wolf [2] and Wyner and Ziv [3] and led to a signi�cant number of

DVC algorithms, for example [47], [48], [49].

Building on the work of Gan et al [7], Chen, Trammel and Fowler developed algorithms

for block-based compressed sensing and reconstruction of images and video including ME/MC

and MH [50].

The theory of Distributed Compressed Sensing (DCS) [12] inspired Do et al. to propose the

novel Distributed Compressed Video Sensing (DISCOS) framework [51]. The authors argued

that the inherent analog processing nature of CS made DISCOS suitable in situations where

analog to digital compression is expensive. The proposed applications included low-power

video cameras for visual sensor networks.

More recently, Zhao et al. proposed reconstructing Video Compressive Sensing (VCS) using

a Reweighted Residual Sparsity (RRS) technique [23].

Zhang et al. described a high-performance distributed compressive video sensing algo-

rithm that generates accurate side informationw using the HEVC [52] motion estimation algo-

rithm and jointly minimize thè1-norm of the sparse signalx and the difference signal(x � w)

[53]. Chen et al. proposed VCS reconstruction based on Structural Group Sparsity (SGS) and

a coarse-to-�ne, Optical �ow (OF) based successive approximation estimation method [24].
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Their Structural Group Sparsity and Optical Flow estimation (SGS-OF) algorithm was shown,

by simulation, to achieve state-of-the-art performance when compared to ME/MC, MH and

RRS.

Video compressive sensing algorithms usually sense the video as a sequence of Group of

Pictures (GOP) with each GOP consisting of one key frame sensed at high quality and a number

of non-key frames captured with higher compression but lower quality. The key and non-key

frames are "compressed" by the compressive sensing operation performed in the optical domain,

in order to reduce the computational complexity at the encoder. An underlying assumption is

that it is inef�cient, or too expensive, to capture all the pixels using one sensor per pixel, convert

the samples to digital using an Analogue to Digital Converter (ADC) and then compress the

digitized pixels using some image compression algorithm, for example JPEG [54], JPEG 2000

[55] or JPEG-XS [56].

JPEG-XS is a recent image coding standard, targeting near-lossless coding of images, hav-

ing a lightweight design that can be implemented ef�ciently on CPUs, GPUs and Field Pro-

grammable Gate Arrays (FPGAs). It introduces another alternative to implement energy ef�-

cient video transmission, alongside distributed video coding, when capturing video frames using

a conventional camera; a Complimentary Metal Oxide Silicon (CMOS) camera, for example.

2.4 Image and video CS cameras

The implementation of image and video CS theory requires sensors that sense images compres-

sively, that is with less measurements than pixels. The single pixel camera [57] presented in

2.4.2 was the �rst device designed to exploit CS theory. Previously available CMOS devices

are also capable of compressing an image by processing it on the pixel array itself as shown

below.

The CS literature usually assumes that there is no non-linearity introduced in the camera

system. The work in this thesis follows this trend. CS cameras do not capture pixels directly,

but measurements from which the values of pixels have to be reconstructed off-camera. If it

is necessary to introduce a non-linearity in the image/video transmission chain, this can be

inserted in the camera itself or during reconstruction at the decoder. In the former case, the

non-linearity can be integrated with the analogue to digital function shown in �gure 2.2.

2.4.1 Focal plane processing sensors

FPPS [58] combine an active CMOS pixel with processing in the same area and are suitable for

compressive sensing. Bandyopadhyay et al. [59] presented an example of a CMOS device ca-

pable of performing programmable matrix operations on 16� 16 pixel blocks. They presented

data showing their CMOS block matrix transform imager architecture performing convolutions

and transforms, including the JPEG block Discrete Cosine Transform (DCT) transform. Their

architecture processes images with a power consumption of only 80mW per frame, demon-

strating the very low power consumption of devices that perform mathematical operations in



Chapter 2. Preliminaries 39

the analogue domain.

Robucci et al. [60] were amongst the �rst to apply a computational focal-plane image sensor,

capable of performing 2-D separable transforms, to compressively sense images. Their 256�

256 CMOS sensor can perform 16� 16 separable transforms and is demonstrated to be suf�cient

to perform non-adaptive compressive sensing measurements.

2.4.2 Single pixel camera

Figure 2.2: Single Pixel Camera [57]

The single pixel camera was proposed by Takhar et al. [57] in 2006 to exploit the new

�eld of compressive sensing. The SPC shown in �gure 2.2 consists of a digital micro-mirror

device onto which a scene is focused by an objective lens. The light pixels from the scene are

modulated by the positions of the DMD mirrors towards or away from a relay lens that focuses

the light on a single photodiode. The positions of the mirror form a measurement basis vector

and the light output by the photodiode for one particular pattern is the inner product of the image

pixel array with the basis vector. The ADC converts the photodiode signal to a digital value. A

collection of measurements, less than the number of pixels in the image, can be reconstructed

into an image using CS reconstruction techniques.

2.4.3 CS camera taxonomy

Recently, Baraniuk et al. [61] identi�ed three classes of CS video imaging architectures, namely

spatial multiplexing cameras, temporal multiplexing cameras and spectral and angular multi-

plexing cameras.

1. Spatial multiplexing cameras boost the resolution of a low resolution sensor to the size

of the compressive sensor. These include single SPC as well as multipixel detectors or

Multi Pixel Cameras (MPCs). The focus in this thesis is on spatial multiplexing cameras.

2. Temporal multiplexing cameras modulate the light falling on a low-rate, full spatial reso-

lution sensor and integrate the modulated light over a number of frames. The one captured

frame is then super resolved into the same number of frames as the light modulations dur-

ing the integration period. Thus temporal multiplexing cameras super resolve the tempo-

ral resolution of a camera that is limited by the analogue to digital conversion rate. Coded
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Aperture Compressive Temporal Imaging (CACTI) is an example of temporal multiplex-

ing cameras using a translating mask for high speed imaging [61].

3. Spectral and angular multiplexing cameras increase the resolution in the spectral or an-

gular domain.

The authors observe that these camera systems aim to improve spatial, temporal or spectral

resolution above the Nyquist sampling limit.

2.4.4 Multiple pixel cameras

Spatial multiplexing multipixel cameras use a DMD array to focus light onto a low resolution

2D or 1D array of photodetectors, rather than just one sensor in the SPC. The light from an

image is focused on a DMD array and the DMDs pixellate the image. DMD motions modulate

the light from the pixels and a particular DMD orientation pattern forms a Hadamard product

with the pixellated image. Light from rectangular or square regions, or blocks, of the DMD

array falls on one of the sensors and is integrated into one signal formed by the inner product of

the image pixels and the mirror pattern in each square region. Each sensor can be equipped with

its own ADC, or one ADC may be shared by the whole low-resolution array. The measurement

rate for a spatial multiplexing camera with F photodetectors sharing one ADC with conversion

rateRADC is given by [61]:

minf F � RDMD;RADCg; (2.16)

whereRDMD is the rate at which the DMD patterns change. Under balanced conditions,Fmin �

RDMD = RADC andFmin = RADC=RDMD. The authors in [61] give an example withRDMD = 10

kHz, RADC = 10 MHz so thatFmin = 1;000 pixels and the spatial multiplexing camera can sus-

tain 10 million measurements per second and remark that an SPC would only be able to collect

10,000 measurements per second with one photodetector. Therefore, spatial multiplexing cam-

eras are essential for video compressive sensing as otherwise, an SPC will not be able to collect

enough measurements per second. For example, the LiSens camera [62] has been proposed for

video compressive sensing using visible light.

The DLP9500 is a 1920� 1080 pixel DMD from Texas Instruments [63]. The device can

support 1 bit binary patterns at 23,148 Hz and 8 bit binary patterns at 2,893 Hz.

2.4.5 Applications

It is thus clear that MPCs and FPPS devices exist that can compressively sense video in real-

time. CMOS FPPS devices in particular, have very low power consumption that make them

eminently suitable for autonomous video sensors in wireless sensor networks, for example.

MPCs can be used in super resolution applications at wavelengths that are not suitable for

implementation using CMOS technology and where alternative technology is very expensive at

high resolutions [62].
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2.4.6 Super resolution

The basic application of an MPC is in the super resolution of low resolution imaging sensor

arrays. Together with the fast developments in CNN-based image and video super-resolution

techniques, this has inspired the work on the implementation of super resolution techniques on

the DMD array itself, or on focal plane processing sensors, in this dissertation.

2.5 Chapter summary

Distributed video coding is the classical technique for transmitting video from resource con-

strained devices. Authors have proposed extending DVC with compressive sensing. Both DVC

and the CS extensions acquire and transmit video frames in a group of picture structure and

postpone computationally intensive motion estimation to the decoder. Each GOP usually has

one leading key frame that is compressed as ef�ciently as possible using the latest compres-

sion standards that are invariably block-based. Non-key frames are usually compressed using

block-based 2D DCT transforms. This framework is adopted in the work presented in this dis-

sertation and requires a focus on the energy ef�cient compressive sensing and transmission of

video frames.

The classical formulation of CS requires a measurement matrix that is incoherent with the

basis in which the image or video frame is sparse. The measurements are non-adaptive as long

as the sparsity is known and enough measurements are sensed to allow successful reconstruction

with high probability. However, authors have (1) studied measurement matrices that are random,

deterministic or structurally random for compressively sensing images and videos, (2) proposed

adaptive techniques to cater for reconstruction problems (refer to section 4.2), for example

blocking, that occur with block-based CS. Using deterministic measurements, such as partial

DCT matrices, allows the images to be reconstructed in real-time on commodity hardware. It is

therefore proposed to study the use of a linear 2D DCT measurement matrix, selecting low-pass

transform coef�cients scanned in JPEG zigzag order.

Real-time processing of images and videos require block-based MPCs to sense the images

with an adequate frame rate. However, this may lead to blocking artefacts as the sub-image

blocks contain differing amounts of sparsity. It is therefore required to study deblocking �lters

and adaptive measurement techniques to combat blocking artefacts, in conjunction with full-

image CS-reconstruction.

Several authors have studied feedback techniques to estimate the number of measurement

blocks at the decoder from partial measurements and then feed them back to the encoder [64]

[65] [66]. The work in this dissertation avoids this feedback loop as it requires a continuously

powered receiver at the resource constrained sensor. For the same reason, the distributed video

coding techniques developed in this dissertation are without the feedback associated with the

classical Stanford architecture [67].

To decode images and video transmitted from a CS sensor in real-time requires fast CS

reconstruction techniques. Currently, the fastest techniques are iterative denoising based tech-
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niques, that leverage denoisers implemented on GPUs to accelerate them. However, the current

reconstruction techniques e.g. D-AMP [14] were not designed with deterministic matrices in

mind. It is therefore required to study how to reliably extend iterative denoising to partial 2D-

DCT matrices.

GPUs can be leveraged to accelerate part or all of the decoding process [16]. Rather than

train end-to-end deep neural networks and try to explain their behaviour, the approach in this

dissertation is to use GPU-accelerated modules, such as CNN-accelerated denoisers, and hand-

craft decoders that can still reconstruct images and video in real-time.

Finally, the literature review has identi�ed the large, and very-active, body of work in the

area of image and video super resolution. The work in this dissertation will study whether the

down-sampling process can be implemented energy-ef�ciently on a CS image sensor, and will

be studied to determine whether this lightweight technique can compete with CS techniques.



Chapter 3

Image and video transmission system

analysis framework

3.1 Introduction

This chapter investigates theoretical energy ef�ciency considerations determined by the sensor

structures. Generic results are generated that are applicable to as broad a range of different

compressive sensors as possible, rather than focusing on one particular implementation. The

algorithms developed in this dissertation can be implemented on all classes of compressive

image sensors introduced in this chapter. Therefore, the analysis framework presented here,

will be used in chapters 6 and 8 to compare end-to-end image and video transmission systems.

The literature review identi�ed distributed video coding combined with Compressive Sens-

ing (CS) as an appropriate strategy for transmitting video power-ef�ciently. Distributed Video

Codings (DVCs) depends on the ef�cient transmission of key and non-key frames in a Group

of Pictures (GOP) as individual frames, migrating computationally intensive operations, such

as motion estimation and compensation, to the decoder.

Following the literature review, three competing techniques have been proposed for real-

time transmission of images from low-power sensors: CS supported by CNN-based reconstruc-

tion; Adaptive Block-based Compressive Sensings (ABCSs) using deterministic matrices; and

Bicubic Convolutional Filter (BCF) down-sampling followed by Super Resolution (SR) using

Convolutional Neural Networks (CNNs).

In this chapter, a framework is proposed for comparing the energy ef�ciency of these three

techniques when implemented on SPC, Multi Pixel Camera (MPC) and Focal Plane Processing

Sensors (FPPS). It is also possible to study compressively sensing images on SPCs using a

subimage block structure, a scheme that is referred to as a Virtual MPC (vMPC) in this disser-

tation. The framework proposed consists of nine parameters, covering image quality, energy

ef�ciency, frame capture time and complexity.

In conventional block-based CS schemes, one MPC block size allows the implementation of

all compression ratios required, simply by collecting more or less measurements of sizeB� B.

This is not the case with sub-sampling (and subsequent super resolution) where a MPC with

43
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Figure 3.1: Classical and compressive sensing image transmission system models.

blocks of sizeB� B is required to implement BCF kernels of various sizes corresponding to the

compression required. Sections 3.2.7 and 3.2.8 therefore show how a convolutional kernel of

sizeK � K can be implemented ef�ciently on an MPC of sizeB� B whereK 6= B and derive

equations for the number of Analogue to Digital Converter (ADC) conversions and conversion

cycles required. The theoretical results derived are veri�ed by simulation in section 3.2.9.

The symbols and equations introduced in this section are summarized in tables 3.2 and 3.3.

3.2 Framework for comparing low-energy sensors

3.2.1 Transmission system models

The image transmission system models pertinent to the work in this paper are the classical trans-

form compression model in �gure 3.1(a) and the compressive sensing model in �gure 3.1(b).

In the classical model, the analogue image sensor capturesN analogue pixels and transforms

them into a digital representation using an ADC. The number of pixelsN is determined by the

Nyquist criterion to avoid aliasing. The 2D pixel array is then 2D transform coded intoN trans-

form coef�cients to compact the energy into a few of the lower frequency components, such that

quantization, represented by block Q, will result in a sparse representation withMQ non-zero

quantized components whereMQ � N. These non-zero components are further compressed

using a lossless compression scheme represented by block LL. The resulting compressed bit-

stream is characterised by a rateRb measured in bits per pixel (bpp) and transmitted through

transmission block TX atRt bits per second (bps).

In CS, the analogue sensor capturesM
0
� N analogue measurements at well below the

Nyquist rate, whereM
0
= k�S: log(S=N), k is a constant andSis the sparsity of the transformed

image. Each measurement is an inner product between the image matrix and a measurement

matrix.

The promise of CS is that the compressive sensor computesM
0
� N analogue measure-

ments such that the transmission chain in �gure 3.1(b) consumes less energy than the classical

transmission chain in �gure 3.1(a). The total energy consumed in a classical image transmission
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systemETOT is given by:

ETOT = ES+ EADC+ ET + EQ + ELL + ETX; (3.1)

whereES is the sensing energy using classical sensors, for example Charge Coupled Device

(CCD) or Complimentary Metal Oxide Silicon (CMOS) sensors,EADC is the energy consumed

in analogue to digital conversion,ET is the energy consumed to transform the image (e.g. using

a 2D Discrete Cosine Transform),EQ is the energy required to quantize the transform coef�-

cients,ELL is the energy consumed in lossless coding of quantized transform coef�cients, for

example using {run, value} coding followed by Huffman coding, andETX is the energy required

to transmit the compressed bit stream.

The total energyE
0

TOT consumed in a compressive system, on the other hand, is given by:

E
0

TOT = E
0

S+ E
0

ADC+ E
0

LL + E
0

TX; (3.2)

whereE
0

S is the energy consumed by the compressive sensor (e.g. Single Pixel Camera

(SPC)),E
0

ADC is the energy consumed to convert theM
0
analogue measurements to digital,E

0

LL

is the energy consumed in further compressing the quantized measurements losslessly, and the

E
0

TX is the energy required to transmit the resulting compressed image. In the classical image

transmission model quantization is required at the sensor output and following the transform

block. In compressive sensing, quantization can happen solely in the ADC.

The classical image transmission model in �gure 3.1(a) can also be used to represent a

super resolution image transmission scheme. In this case, the transform blockT, is replaced by

a downsampling �lter that can also be implemented as a 2D convolutional �lter.

In a compressive sensing system the timeT
0

F required to capture and transmit a frame is

given by:

T
0

F = T
0

M + T
0

ADC+ T
0

LL + T
0

TX; (3.3)

whereT
0

M is the time required to modulate the mirrors,T
0

ADC is the time required to perform

ADC conversion on the whole image,T
0

LL is the time required to encode the quantized samples

with low-complexity andT
0

TX is the time required to transmit the image or frame.T
0

F represents

the latency, whereas the rate at which frames can be captured by the pipeline shown in �gure

3.1bF
0

R is given by:

F
0

R =
1

min(T0

M;T0

ADC;T0

LL;T0

TX)
: (3.4)

3.2.2 Framework parameters

To allow the comparison of low-energy image sensors using SPC, MPC or FPPS, a framework

is proposed that measures and compares the following parameters:

1. The energyEM to modulate the mirrors or mask;

2. The energyEADC to perform ADC conversion of the analogue measurements;
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3. The energyELL to encode the CS measurements with low complexity;

4. The energyETX to transmit the encoded measurements;

5. The timeTF to capture and transmit one image or video frame;

6. The complexity of the sensor;

7. The signal to noise ratio of the compressive image sensor.

8. The Peak Signal-to-Noise Ratio (PSNR) at a given compression ratio;

9. The Structural Similarity Index Measure (SSIM) or Multiscale SSIM (MS-SSIM) at a

given compression ratio;

These parameters are expanded upon in the sections below.

3.2.3 Sensors

Three different types of sensors are of interest, that can be used to perform both compressive

sensing as well as sub-sampling followed by super resolution. The three sensors are:

1. An SPC which has one mirror per pixel, i.e.N mirrors and one light sensor for the whole

image;

2. An MPC (or FPPS) which has one mirror (or mask) per pixel, that isN mirrors (or masks),

but which are organized asnB, B � B pixel blocks, and havenB light sensors, one per

block;

3. An MPC simulated on an SPC - a Virtual MPC (vMPC).

3.2.4 SPC characteristics for CS and SR

When an SPC is used to compressively sense anH � W pixel image,H � W mirrors focus

light from the image onto one sensor.M measurements are collected independently and used

to reconstructN = H � W pixels. The compression ratioCR = M =N. Each measurement is an

inner product between theN pixels and a row of anM � N measurement matrix, which means

thatNM = M � N mirror modulations are required to sense the whole image. The measurement

matrix requiresNMEM = M � N storage locations to store the matrix coef�cients.

To implement sub-sampling on an SPC using a BCF kernel of sizeK � K, each sample

requires the modulation of at mostNK = K � K mirrors, although some of the kernel coef�cients

may be quantized to zero. Hence the total number of mirror modulations isNM = M � NK =

M � K2. In SR, there is only one kernel to store for every subsampling rate and this requires

NMEM = K2 storage locations.

When collecting CS measurements on an SPC, the measurement matrixFFF contains both

positive and negative elements, in general. However, the SPC cannot process negative values
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directly. However, if one of the measurements collects the sum of all pixelss , and the mea-

surement matrix elements are made positive by adding the modulus of its minimum component

m, than the SPC can still collect the measurements as follows:

y = FFF x = ( FFF + mJ)x � mJx = ( FFF + mJ)x � ms1 = FFF + x � ms1; (3.5)

whereJ is anM � N unit matrix,1 is anM � 1 vector with all ones andFFF + contains only

elements greater or equal to zero. Hence the number of measurements and ADC conversions

is M. If each ADC conversion takes a timeDADC, then the total conversion time for the M

measurements isM � DADC.

In the case of subsampling implemented as a 2D convolution, each measurement is com-

posed of two sub-measurements that are added together, one of which computes the inner prod-

uct between the pixels and the positive kernel coef�cients and the other the inner product be-

tween the pixels and the negative kernel coef�cients. Hence, the number of ADC conversions

is 2� M. The total conversion time for the 2� M measurements is 2� M � DADC.

3.2.5 MPC characteristics for CS schemes

In an MPC, the image is partitioned into non-overlapping blocks such that the number of pixels

in the blockNB = B2. It is assumed that the height and width of the image are exactly divisible

by B. The number of blocks in an image is given bynB = N =B2. If the desired compression

ratio isCR, the number of measurements per blockMB is given byMB = bCR:B2c. The total

number of mirror modulations to capture one image is now substantially less than in the case

of an SPC and is givenNM = nB � MB � B2. The sensing matrix is shared by all the blocks and

requiresNMEM = MB � B2 memory locations.

The CS schemes capture M measurements distributed over all the blocks. Therefore, the

total number of ADC conversionsNADC = MB � nB = M, the same as in the case of the SPC.

However there are onlyNC = MB ADC conversion cycles since the measurements in the blocks

happen in parallel. This is the case for both adaptive and non-adaptive CS schemes.

The conversion time for the three CS schemes is given byM � TADC=nB which is the conver-

sion time for the SPC case divided by the number of blocksnB, because the measurements are

captured in parallel by thenB blocks.

3.2.6 vMPC characteristics for CS and super resolution

It is also possible to use an SPC to capture block-based image measurements. We refer to this

use of the SPC as a virtual MPC. Each measurement only modulates the mirrors in a sub-image

block rather than the whole image, and would therefore result in less energy expended to move

the mirrors, and a lower acquisition time because of the requirement to only move a small subset

of the mirrors. The measurements in each sub-image block would not be captured in parallel

though, and hence the acquisition time in a vMPC is less than in an SPC but greater than in an
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actual MPC. ThereforeNMEM, NM andNADC are the same for the an MPC but the number of

ADC conversion cyclesNC is the same as for an SPC, that isNC = MB � nB = M.

The implementation of subsampling on an SPC modulatesK � K mirrors at a time, and

hence the normal implementation of the BCF uses the SPC as a vMPC. The storage require-

ments for the kernel areNMEM = K2 locations. The total number of mirror modulations is

NM = M:K2.

The number of ADC conversions considering a kernel with both positive and negative co-

ef�cients is given byN�
ADC = 2:M. Although the measurements are not accelerated, the kernel

can always be processed in one ADC conversion cycle so that the number of ADC conversion

cyclesN�
C = 2:M.

3.2.7 MPC characteristics for super resolution

In the literature, the best super resolution results [68] are obtained by �rst downsampling the

image using the Matlabimresizefunction which can be implemented as a BCF as shown in

section 5.3.1. The implementation of the �lter on the MPC requires convolving the pixels with

a kernel. This is non-trivial because the �lter kernel is of sizeK � K whereas the MPC block

size isB� B with K 6= B in general.

In this case, the total number of mirror modulations remains the sameM � NK since the same

number of samples must be captured, although distributed over the MPC subimage blocks.

The number of ADC conversions and the conversion time for convolutions with kernels of size

K � K and strideSF , will now be derived when computed on an MPC with the convolutions at

the edge of the blocks over�owing into adjacent blocks, for example as shown in �gure 3.2.

3.2.8 Number of ADC conversion cycles for BCF on an MPC

Consider an MPC with blocks of sideB. One such block is shown in �gure 3.2. If the subsam-

pling factor isSF , the number of blocks of sizeSF � SF that �t into the MPC block is given by

(B=SF )2. This is also equal to the number of samples that are collected from the block.B is

chosen such that it is exactly divisible bySF . If it is necessary for the MPC to cater for several

SF , then the block size must be chosen to be a multiple of allSF . This ensures that the sampling

patterns are the same in all the blocks in the MPC.

The subsampling operation replaces eachSF � SF block by one sample whose value is cal-

culated by placing a convolutional kernel centred on theSF � SF block and performing one

convolution with the pixels it covers. The kernels of interest are of sizeK � K whereK = 4:SF

if SF is even andK = ( 4:SF � 1) if SF is odd. This means that for samples at the edges of

the MPC blocks, the kernel will extend into adjacent blocks (e.g. blocks markedN2 andN4 in

�gure 3.2). This happens for two rows and two columns ofSF � SF blocks adjacent to other

MPC blocks. In these cases, the sub-samples cannot all be captured in parallel because when

a convolutional operation requires pixels from adjacent blocks, it blocks it from being used by

other kernels. However, a block can independently perform a convolution operation if it does
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Figure 3.2: BCF on an MPC: examples when the convolutional kernel (green) falls within one blockN1,
two blocksN2 and four blocksN4. In this exampleB = 48� 48,SF = 4 and the kernel is 4:SF � 4:SF =
16� 16. The centreSF � SF kernel coef�cients are shown in gray. All the kernels have the kernel
coef�cients.

not over�ow into adjacent blocks (e.g.N1). At other instances, one subsampling convolution

operation requires the use of two vertically or horizontally adjacent blocks (e.g.N2), or four

blocks for samples at the corners of the MPC block (e.g.N4).

Number of ADC conversions

Let the size of a convolutional �lter kernel beK � K and the stride between samples beSF . The

convolutional �lter kernels we are interested in, collect samples centred onSF � SF blocks and

are of sizeK � K with K = 4:SF for SF even andK = ( 4:SF � 1) for SF odd. This means that in

a block of side B subdivided into blocks of sideSF :

1. 16, cornerSF � SF blocks will extend into three adjacent blocks and require four ADC

conversions, in four different blocks, to return one sample;

2. 2-column and 2-row deep edgeSF � SF blocks will extend into one adjacent block and

require two ADC conversions, in two different blocks, to return one sample;

3. the remaining innerSF � SF blocks will return one sample by a convolutional operation

contained solely in one block.

Let

nS = B=SF ; (3.6)
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Figure 3.3: Simulation of BCF on an MPC showing kernel cycles with convolutions contained in (a) one
MPC block (b) and (c) two blocks, and (d) four blocks.

then, the number of ADC conversions required to capture samples for the above three cases,

denoted byN4, N2, andN1, where the suf�x represents the number of ADC conversions per

sample, are given by:

N4 = 16� 4 = 64; (3.7)

N2 = 8(ns � 4) � 2 = 16(ns � 4); (3.8)

N1 = ( nS� 4)2: (3.9)

The number of ADC conversions per block is then given by:

NB
ADC = N1 + N2 + N4 = ( n2

S+ 8nS+ 16): (3.10)

The number of ADC conversions for the whole imageNADC is given by the number of ADC
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conversions per block multiplied by the number of blocks:

NADC = NB
ADCnB = ( n2

S+ 8nS+ 16)nB: (3.11)

Number of conversion cycles

N1 measurements �t exactly in 1 block as shown in �gure 3.3(a). These then require one parallel

measurement cycle to collect. There are(ns � 4)2 such blocks.

N2 measurements extend over two adjacent blocks, either horizontally as shown in �gure

3.3(b) or vertically as shown in �gure 3.3(c).N2 measurements require two parallel measure-

ment cycles to collect, and there are 8:(ns � 4) such blocks.

Finally,N4 measurements extend over four adjacent blocks as shown in �gure 3.3(d). There-

fore these corner measurements require 4 parallel measurement cycles to collect. There are 16

such measurements per block.

In total,

NC = ( ns � 4)2 + 2(8)(ns � 4)+ 16(4) = n2
s + 8ns+ 16; (3.12)

cycles are required to collect all the measurements.

Practical considerations

When computing convolutions with positive and negative values on an SPC or MPC, it is re-

quired to split the kernel into positive and negative values, i.e.K = K+ � K� , perform two

separate convolutions with the two positive sub-kernelsK+ andK� , and then subtract the con-

volution with K� from the convolution with withK+ . Therefore two ADC conversions are

required per convolution and equation 3.12 becomes:

N�
ADC = 2NB

ADCnB = 2(n2
S+ 8nS+ 16)nB: (3.13)

Similarly, the number of measurement cycles in equation 3.12 doubles to

N�
C = 2NC = 2(n2

S+ 8nS+ 16): (3.14)

This doubling of ADC conversions only happens when the kernel is used once to sample an

image. In the case of compressive sensing, one of the measurements would be the average

of the block and this allows subimage block measurements with the same number of ADC

conversions as shown in section 3.2.4.

3.2.9 Veri�cation by simulation

A Matlab simulation was coded to verify that the number of ADC conversions calculated by

equations 3.11 and 3.12 are correct. Figure 3.3 depicts outputs from the simulation, showing a

BCF kernel distributed over (a) one, (b) and (c) two, and (d) four blocks. The theoretical results

from equation 3.12 and the simulation are compared in table 3.1, whenH = 480 andW = 480.
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SF B ns
NC

Theory Simulated

2 30 15 361 361

2 60 30 1156 1156

3 30 10 196 196

3 60 20 576 576

4 60 15 361 361

5 30 6 100 100

5 60 12 256 256

6 30 5 81 81

6 60 10 196 196

Table 3.1: ComparingNC calculated using equation 3.12 and measured by simulation, whenH = 480
andW = 480.

The simulation concerns the bicubic convolutional �lters that are used to implement theim-

resizefunction described in section 5.3.1. The size of the kernelK whenSF = f 2;3;4;5;6g

is K = f 8;13;16;21;24g. When the kernel coef�cients are quantized to ease implementa-

tion on the MPC, the quantized kernel may shrink in size toKQ � KQ because some of the

coef�cients may be quantized to zero. Refer to �gure 5.4 for an example when the BCF

kernels de�ned in section 5.3.1 are quantized to 8 bits (including the sign bit). In this case,

KQ = f 8;11;14;19;22g.

If the side of the square blockB = LCM(2;3;5;6) = 30, the subsampling pattern is the

same in all blocks at the required subsampling rates except 4. Smaller block sizes allow more

samples to be captured in parallel and hence require less capture cycles, which translates into

a lower latency. Therefore, by using blocks of size 30� 30 to build an MPC, regular patterns

are achieved forSF = f 2;3;5;6g with lowest latency. Combining 2� 2 adjacent 30� 30 MPC

blocks allowsSF = 4 to be captured with a regular pattern but more latency. IfSF = 4 is required

with lower latency, it is possible to use a block size of 32� 32, which can cater forSF = f 2;4;8g

with a regular, low-latency pattern.

No differences were found with the unquantized kernel sizesK = f 8;13;16;21;24g and the

quantized kernel sizesKQ = f 8;11;14;19;22g indicating that the slightly smaller kernel sizes

did not reduce the number of capture cycles required.

3.3 Evaluating CS and SR sensors using the framework

In this section, we highlight how the framework presented in this chapter can be used to compare

different image and video sensor technologies in this dissertation.



Chapter 3. Image and video transmission system analysis framework 53

Estimating EM and EADC

The results in sections 3.2.4 to 3.2.8 can be used to estimate framework parametersEM, EADC

andTF . The three sensors are compared in table 3.2, in terms of the number of mirror mod-

ulations, the number of ADC conversions and the number of conversion cycles for one image

or intraframe in a video sequence, when using CS with deterministic Discrete Cosine Trans-

form (DCT) measurement masks or downsampling using a bicubic convolutional �lter for SR.

The symbols used in this table are de�ned in table 3.3.

CS SR

SPC

NMEM = H:W:M NMEM = K2

NM = H:W:M NM = M:K2

NADC = M N�
ADC = 2:M

NC = M N�
C = 2:M

vMPC

on

SPC

NMEM = MB:B2 NMEM = K2

NM = MB:nB:B2 NM = M:K2

NADC = MB:nB N�
ADC = 2:M

NC = MB:nB N�
C = 2:M

MPC

NMEM = MB:B2 NMEM = K2

NM = MB:nB:B2 NM = MB:nB:K2

NADC = MB:nB N�
ADC = 2:nB:(n2

S+ 8:nS+ 16)

NC = MB N�
C = 2:(n2

S+ 8nS+ 16)

Table 3.2: Calculating the framework parameters for CS and SR sensors.

The parameters in table 3.2 are used to calculate the energy required to sense an imageECAP

as follows:

ECAP = EM + EADC = NMeM + NADCeADC; (3.15)

whereNM is the number of total mirror motions to sense an image,eM is the energy required

to move one mirror,NADC is the number of ADC conversions andeADC is the energy to convert

one compressive analogue measurement to digital.

Estimating TF

The time to capture and transmit one image or frame is equal to the timeTCAP to capture and

digitize the compressive image or frame, plus the time required to further compress it with low

complexity prior to transmission.TCAP on an SPC, MPC (or FPPS) and vMPC can be calculated

as follows:

TCAP;SPC= TM + TADC = MNDM + MDADC; (3.16)

TCAP;MPC = TMB + TADC = NMBDM + MBDADC; (3.17)
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B MPC and SPC block dimension ECAP Energy to capture one frame

bpp Bits per pixel EM Energy to move mirrors

bps Bits per second EADC Energy to perform ADC

CF Compression Factor =N=M eM Energy to perform one mirror movement

CR Compression Ratio = 1=S2
F = M=N eADC Energy to perform one ADC

H Height of Image NM Number of mirror modulations in an image

K CBF size= 4:SF + ( 1� (� 1)SF )=2 NMB Number of Mirror modulations in a block

nS B=SF NC Number of ADC cycles

nB Number of blocks in image =H:W=B2 N�
C Number of ADC cycles (K with� values)

N Number of Pixels NADC Number of ADC conversions

M Number of Measurements N�
ADC Number of ADC conversions (K with� values)

MB Number of Samples in Block =dB2=S2
Fe TCAP Time to capture one frame

PSNR Peak Signal to Noise Ratio TM Time to move mirrors in an image

SSIM Structure Similarity Index TMB Time to move mirrors in a block

SF Subsampling Factor in one dimension TADC Time to perform all ADC conversions

W Width of Image DM Time to move one mirror

NMEM Storage size for measurement matrix DADC Time to perform one ADC conversion

Table 3.3: Framework symbols used in this chapter and table 3.2.

TCAP;vMPC = TMBnB + TADC = NMBDMnB + MDADC; (3.18)

where the various terms are de�ned in tables 3.2 and 3.3.

In a video system,TCAP must be less than or equal to the execution time of the succeeding

compression and transmission blocks. IfTCAP is the largest execution time in the transmission

chain, then the frame rate is less than or equal to 1=TCAP, and the execution of the other blocks

will be experienced as an added delay and not a reduction in frame rate.

Estimating ELL and complexity

ParameterELL depends on the complexity of the algorithm used to encode quantized mea-

surements prior to transmission and the energy characteristics of the sensor's computational

platform. In this dissertation, as with other published literature, we compare computational

complexity by comparing the execution time of the simulated algorithms. This requires the

algorithms to be executed on the same platform, and to be equally optimized.

Estimating ETX

The energy, and power, required to transmit images or video frames, is directly proportional to

the bit rate that results from dimensionality reduction achieved on the compressive sensor and

the ensuing compression achieved by the low-complexity encoding scheme prior to transmis-

sion. A comparison between systems is possible by assuming the same energy per bit expended

and comparing the output bit-rate.
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Estimating the Signal to Noise Ratio

The signal to noise ratio of the sensor increases linearly with the number of mirrors that focus

light on the pixel sensor. In an SPC, allN mirrors focus light on the pixel sensor, whereas in an

MPC or vMPC this reduces toB2 mirrors. Therefore the signal to noise ratio in an SPC isnB

times higher than in an MPC or vMPC.

Estimating PSNR and SSIM

The remainder of this dissertation focuses on measuring the PSNR and SSIM [69] or MS-SSIM

[70] performance of image and video compressive sensing schemes and relating them to the

other framework parameters in our discussions.

3.4 Chapter summary

This chapter proposes an end-to-end transmission systems model and a framework for compar-

ing low-energy sensor systems. The framework consists of the following parameters: PSNR,

SSIM, sensor Signal to Noise Ratio (SNR), complexity of the sensor,ECAP = EM + EADC, ELL,

ETX, andTF .

The number of ADC conversion cycles required to capture convolutional samples on an

MPC was derived and used to estimateECAPandTCAP for these operations. Subsequent chapters

on end-to-end image and video transmission systems will use this framework to compare the

proposed methods.



Chapter 4

Adaptive block compressive sensing of

images

4.1 Introduction

The work in this dissertation focuses on low-complexity, real-time image and video compressive

sensing, using Single Pixel Camera (SPC), Multi Pixel Camera (MPC) or Focal Plane Process-

ing Sensors (FPPS) as explained in chapter 3. Low complexity is required at the encoder to

enable long-duration autonomous operation, for example in wireless video sensor networks.

In his tutorial-style paper on imaging via compressive sampling, Romberg proposed that

1000 linear low-pass 2D Discrete Cosine Transform (DCT) coef�cients were required to capture

the coarse details of the 256� 256 Cameraman image and then switch to 20,000 additional

pseudorandom measurements to acquire the detail [71]. In this chapter, we investigate using a

sensing matrix comprised solely of linear low-pass 2D DCT coef�cients in JPEG-style zigzag

order. If this matrix provides good results, then reconstruction in real-time is achieved simply

using an inverse 2D DCT.

As reported in the literature review in chapter 2, real-time compressive sensing of images

and video bene�ts from using block-based techniques [7][72]. However, the sparsity in blocks

varies greatly, and hence so does reconstruction quality, both when the reconstruction is block-

by-block but even when the Compressive Sensing (CS) reconstruction is over the whole im-

age. In order to improve quality, as reported in the related work section, authors have studied

Adaptive Block-based Compressive Sensing (ABCS) of images, where the measurement rate is

varied block-by-block depending on the sparsity. Therefore, we propose and study two adap-

tive algorithms namely, (i) Adaptive Linear 2D-DCT with Block Boundary Variation estimation

(AL-DCT-BBV) and (ii) adaptive linear 2D-DCT with DCT Domain estimation (AL-DCT-DD).

These algorithms estimate block sparsity in the 2D spatial and 2D-DCT transform domains re-

spectively and vary the number of compressive measurements in each block. The number of

measurements in each block is increased when the sparsity is low (where low sparsity means

that the block has more non-zero transform coef�cients in the 2D-DCT domain).

Work related to ABCS is reported in section 4.2. Non-adaptive and non-compressive linear

56
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2D DCT-based algorithms are introduced in section 4.3. The proposed ABCS schemes are

studied in section 4.4. Section 4.5 develops an Iterative Denoising Algorithm (IDA) suitable

for our linear 2D DCT sensing matrices. In section 4.6 we investigate our ABCS algorithms

empirically and show that the IDA algorithm achieves state-of-the-art reconstruction quality.

Conclusions are drawn in section 4.7.

Naming Convention

In this work we refer succinctly to a number of algorithms by using the following convention.

Components in square brackets are optional and only one acronym in curly brackets separated

by an orj symbol is to be included. For example, AL-DCT-{BBVjDD}-[IDA] refers to the four

adaptive algorithms that may optionally be reconstructed using the IDA algorithm, namely,

AL-DCT-BBV, AL-DCT-DD, AL-DCT-BBV-IDA and AL-DCT-DD-IDA.

Algorithms

The following image compressed sensing algorithms are developed in this chapter.

• L-DCT-ZZ is the block-based, non-adaptive image CS algorithm using a deterministic

dictionary composed of the low-pass 2D-DCT basis functions in zig-zag scan order. The

image blocks are reconstructed using the inverse 2D DCT.

• AL-DCT-THB is a block-based, adaptive, non-compressive 2D-DCT image coding algo-

rithm. The same number of 2D-DCT transform coef�cients with the largest energy are

retained in each block.

• AL-DCT-THI is a block-based adaptive, non-compressive 2D-DCT image algorithm. The

M coef�cients with the largest energy are retained from amongst all the blocks.

• The Block Boundary Variation (BBV) algorithm uses the sum of the variation of pixel

pairs along the boundary of a block, to estimate the number of transform coef�cients to

be measured in each block.

• The DCT Domain (DD) algorithm uses partial low-pass, 2D-DCT measurements in zig-

zag order, to estimate the total number of transform coef�cients to measure in each of the

image blocks.

• AL-DCT-BBV is an adaptive block-based image CS algorithm that uses the BBV al-

gorithm to adapt the number of low-pass 2D-DCT measurements in each block whilst

retaining the same number of transform coef�cients over the whole image.

• AL-DCT-DD is an adaptive block-based image CS algorithm that uses the DD algorithm

to adapt the number of low-pass 2D-DCT measurements in each block whilst retaining

the same number of transform coef�cients over the whole image.
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• The Zig-Zag Scan Filter (ZZF) is a real-time algorithm that deblocks images produced

by L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD. ZZF takes a full-image 2D DCT of the

reconstructed image and retains M low-pass transform coef�cients in zig-zag scan order.

• The Threshold Filter (THF) is a real-time algorithm that deblocks images produced by

L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD. THF takes a full-image 2D DCT of the

reconstructed image and retains theM transform coef�cients with the largest energy.

• The IDA algorithm is an iterative denoising algorithm, derived from Denoising AMP

(D-AMP), that can reconstruct images encoded using the L-DCT-ZZ, AL-DCT-BBV and

AL-DCT-DD algorithms without blocking artefacts and that can use GPU-based full-

image denoisers such as Denoising CNN (DnCNN).

4.2 Related work

Image Block-based CS (BCS) was �rst proposed by Lu Gan [7]. In his paper, the author pro-

posed the development of spatially adaptive reconstruction algorithms as further work. Other

seminal work on BCS of images and video was conducted by Fowler, Mun, Chen and Tramel

in [8], [22], [50], and [73] respectively.

The non-adaptive, linear 2D-DCT CS technique, referred to here as L-DCT-ZZ, was inspired

by the work of Romberg [71], who observed that CS of images is dif�cult and that a number

of low-pass, linear 2D-DCT transform measurements, acquired in JPEG zigzag order [54], aid

reconstruction signi�cantly. In [71], Romberg compared low-pass, linear DCT acquisition in

JPEG zigzag order with a scheme that combines some linear DCT measurements with noiselet

measurements, concluded that the latter achieves better results, and consequently proposed that

image CS was eminently suitable for further study.

Recently, Yuan and Haimi-Cohen showed that L-DCT-ZZ can be reconstructed using CS

reconstruction techniques, and can achieve better SSIM results when compared with JPEG,

especially at high compression ratios [74]. However they reported that PSNR was reduced by

their technique.

A signi�cant body of literature has concentrated on the development of ABCS algorithms

for images. The techniques can be classi�ed into Encoder-Side (ES) and Decoder-Side (DS-)

techniques, depending on where the number of the adaptive measurements is estimated.

In some encoder-side papers, it is assumed that all the image pixels are already available at

the encoder prior to compressive sensing and are required to estimate the number of measure-

ments per block. We refer to these as Encoder-Side Full Sensing (ES-FS) techniques. These

are not feasible from a CS perspective. We include these ES-FS schemes as benchmarks. Due

to their inherent advantage in assuming that all pixels are already available before an image is

adaptively sensed, they should achieve optimal results. A number of authors have published

ES-FS techniques for example [75] [76] [77] [78] [79] [80] [81] and [82].
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The AL-DCT-BBV and AL-DCT-DD algorithms proposed in this chapter do not assume

that a full set of pixels or transform measurements is available and are referred to as Encoder-

Side CS (ES-CS) techniques. Other authors have proposed ES-CS schemes, such as [65] [83]

[84] and [85].

Averbuch et al. proposed a departure from using random dictionaries that are incoherent

with the sparse basis as employed in classical CS [83]. Their dictionaries, instead, are nonran-

dom linear measurements from the sparsifying basis, for example, wavelets. They showed that

these nonrandom measurements can still be captured on a Digital Micromirror Device (DMD).

This scheme is not block-based, however.

An alternative to ES-CS is to �rst transmit a reduced resolution image using normal BCS

techniques, reconstruct it at the decoder, perform the analysis there, and feed back the subrate

information to the encoder. We refer to these Decoder-Side CS (DS-CS) techniques. [64] [65]

and [66] proposed DS-CS ABCS techniques.

Several encoder-side papers ignore the measurements required to classify blocks prior to

allocating the subrate to each block. Others include these measurements as part of the overall

compressive measurements. Our AL-DCT-BBV and AL-DCT-DD algorithms include these

estimation measurements as part of the block measurement allocation.

Donoho, Maleki and Montanari developed message passing algorithms for compressed

sensing with reduced reconstruction time [13]. This led to the work on D-AMP by Metzler

[14] [16], using Block-matching and 3D �ltering (BM3D) and DnCNN denoisers. The BM3D

and DnCNN denoisers have also been used in recent work on image CS reconstruction using

the plug-and-play method [86] [87] [88].

In this chapter we propose and study adaptive block-based compressive sensing algorithms

that estimate the total number of measurements per block from an initial set of measurements

that form part of the overall set of measurements acquired per block. The number of mea-

surements per block needs to be communicated to the decoder together with the measurements

themselves. No feedback is required from the decoder.

The ABCS algorithms use deterministic 2D-DCT measurement matrices that can be re-

constructed, block-by-block in real-time using the inverse 2D-DCT. We also study how to re-

construct the image using the full-image (not block-by-block) D-AMP technique developed by

Metzler et al. using both BM3D and DnCNN denoisers [14]. It is proposed that the real-time

reconstruction is used for monitoring purposes, whereas the non real-time, higher-quality video

is used for inspection purposes, if required.

4.3 Image BCS using deterministic 2D-DCT sensing matrices

In this chapter, we focus on the use of deterministic, linear 2D transform sensing matrices

such as the 2D-DCT. The Discrete Walsh Hadamard Transform (DWHT) can also be used and

has a simpler implementation because the measurement matrix consists of {+1/-1} elements.

However, the simulated DWHT PSNR and SSIM performance is inferior to 2D-DCT and is not
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reported here.

4.3.1 L-DCT-ZZ

To accomplish compressive sensing, capitalizing on the energy compaction property of the 2D

DCT transform,M low-pass transform coef�cients are sensed and sorted in increasing order of

sequency using the zigzag scanning procedure present in JPEG [54]. We refer to this as the

Linear 2D-DCT with Zigzag scan (L-DCT-ZZ) algorithm that is described in algorithm 4.1.

This technique has been proposed and studied by a number of authors, for example [71], [89].

The block-based algorithm generalises to sensing the whole image if the block is the same

size as the image. L-DCT-ZZ is at the basis of our novel AL-DCT-BBV and AL-DCT-DD

algorithms.

Algorithm 4.1 L-DCT-ZZ
Input: ImageI , compression ratioCR = M=N, block sizeB, image widthW, image heightH.
Output: ImageO reconstructed using the inverse 2D-DCT transform.

1. Crop and partitionI into nB = bH=Bc �bW=Bc, B� B non-overlapping blocks;

2. Calculate the number of non-adaptive measurements per blockm= bCR � B2c;

3. Collectm lowpass DCT coef�cients in zigzag order from each of thenB blocks;

4. TransmitM = m� nB measurements;

5. Reconstruct the Image from them Transform Coef�cients (TCs) per block using the in-
verse 2D-DCT transform.

We have chosen the 2D-DCT transform to collect linear measurements because it is close

to optimal on image data [90], the measurements can be easily acquired on single-pixel cam-

eras, multi-pixel cameras and focal plane processing image sensors, and allow the image to be

reconstructed in real-time using the inverse 2D-DCT.

4.3.2 AL-DCT-THB and AL-DCT-THI

If the objective is not compressive sensing but compression, all the transform coef�cients may

be collected (full sensing), and then only those whose absolute value exceeds some threshold

are retained for transmission. It is possible to set one threshold for the whole image - THI, or

one threshold per block - THB. In the �rst case, the number of retained transform coef�cients

per block varies block-by-block so that the Threshold from the whole Image (THI) algorithm

is inherently adaptive. The number of retained transform coef�cients in the Threshold per

Block (THB) algorithm is the same in each block, but the positions of the transform coef�cients

in the DCT domain are not predetermined. The THI algorithm sets an upper bound on the

performance that can be achieved using adaptive 2D-DCT techniques. The two algorithms,

AL-DCT-THB and AL-DCT-THI, are de�ned formally in algorithms 4.2 and 4.3.
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Algorithm 4.2 AL-DCT-THB
Input: ImageI , compression ratioCR = M=N, block sizeB, image widthW, image heightH.
Output: ImageO sensed using AL-DCT-THB, reconstructed using the inverse 2D-DCT trans-
form.

1. Crop and partitionI into nB = bH=Bc �bW=Bc, B� B non-overlapping blocks;

2. Collect allB� B L-DCT-ZZ coef�cients from each of thenB blocks;

3. Select them= bCR � B2c largest coef�cients in each block;

4. TransmitM = m� nB measurements;

5. Reconstruct the Image from themTCs per block using the inverse 2D-DCT transform.

Algorithm 4.3 AL-DCT-THI
Input: ImageI , compression ratioCR = M=N, block sizeB, image widthW, image heightH.
Output: ImageO sensed using AL-DCT-THI, reconstructed using the inverse 2D-DCT trans-
form.

1. Crop and partitionI into nB = bH=Bc �bW=Bc, B� B non-overlapping blocks;

2. Collect all 2D-DCT coef�cients from all blocks;

3. Select theM largest coef�cients from all blocks;

4. Transmit theM measurements;

5. Reconstruct the Image on a block-by-block basis using the inverse 2D-DCT transform.

4.4 Adaptive image BCS

The non-adaptive L-DCT-ZZ algorithm measures a �xed number of transform coef�cients per

block. In the adaptive schemes, the number of transform coef�cients collected varies according

to the sparsity of each block. Figure 4.1 shows a block diagram of the proposed adaptive system.

Two techniques for adapting the number of linear 2D-DCT transform coef�cients in block

compressive sensing are proposed, one in the spatial domain and the other in the 2D-DCT

transform domain. Both techniques use two phases to encode an image adaptively. In the �rst

phase,m1
i measurements are collected from each blocki and used to determine the number of

additional transform coef�cients,m2
i , to be collected from all blocks in the second phase.

In the case of the DD technique, them1
i measurements are collected as the low-frequency

components, as shown in �gure 4.2, and determine the nextm2
i measurements to be collected in

phase 2.

All the measurements collected from both phases are considered for reconstruction purposes

and hence the total number of measurements collectedM = å nB
i= 1(m1

i + m2
i ), wherenB is the

number of blocks in the image.

The methods used to estimatem2
i must not be computationally intensive because they are
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Figure 4.1: Adaptive AL-DCT-BBV and AL-DCT-DD system architecture.Ii is the input image,Io is
the image output in real time by the inverse 2D-DCT andbIo is the higher quality image output by the CS
reconstruction, for example, using the IDA algorithm. AL-DCT-{BBVjDD} acquiresm2

i adaptive CS
measurements per block where each measurement is a 2D-DCT TC.

Figure 4.2: Adaptive AL-DCT-DD phase 1 and 2 measurements.

implemented at the encoder side, and a target application for the methods described in this

dissertation is for autonomously powered wireless image and video sensors. However, it is

also possible to transmit them1
i measurements to a decoder and use more elaborate algorithms

at the decoder to estimatem2
i per block. This information is then fed back to the encoder as

has been proposed in the literature [64], [65], [66]. In power-constrained applications, it is

necessary to consider whether the power required to operate a receiver module to receive them2
i

feedback information is greater than the power required to just computem2
i at the encoder. The

requirement to wait for the reception of feedback information will also add to the reconstruction

time of the image, although the increase may be contained if the sensing node is close to the

decoder and the data rate of the link is suf�ciently high.

Figure 4.1 shows the block transform coef�cients reconstructed in real time at the decoder

using an inverse 2D-DCT transform and reconstituted into the output imageIo. The number of

phase-two transform coef�cients,m2
i , is transmitted as side information. If better reconstruction

quality is required, full-image CS reconstruction is invoked to output imagebIo, albeit with a

large reconstruction time penalty.
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4.4.1 Adaptive L-DCT-ZZ using block boundary variation

The adaptive L-DCT-ZZ algorithm using BBV, i.e. AL-DCT-BBV, is described in algorithm

4.4. The idea behind this technique is to adapt the number of transform coef�cients collected in

proportion to the total variation of pixel values around the perimeter of a block. It is inspired by

the observation that if a block includes signi�cant texture features, then these will likely cross

block-boundaries and can be detected by measuring the Total Variation (TV) at the block border.

Since the number of pixels in the boundary is only 4B, determiningm2
i from just these pixels

is more ef�cient than having to determine it from allB2 pixels (4B is the boundary constructed

from ef�cient adjacent block measurements, as depicted in �gure 4.3, it is not the(4B � 4)

boundary of a block in isolation). When the compression factorCF = B2=mi in the block is

high, the number of transform coef�cients that can be collected is low, and the measurements

required to calculate the BBV become a signi�cant fraction of the whole budget for the block.

Figure 4.3: Block boundary variation measurements for a 32x32 block. The shaded measurements are
imported from adjacent blocks.

The measurement of the BBV can either be treated as a necessary overhead, or it is ac-

counted for by reducing the number of transform coef�cients that can be collected. Our work

takes the latter view and attempts to minimize the number of measurements to estimate the BBV.

This is accomplished in three ways. First, only the TV in the top row and left-hand column bor-

ders are measured in each block. Since the blocks stack to form an image, the right-hand TV

is obtained from the next block to the right, and the bottom row TV is obtained from the bock

below the current row. This reduces the number of pixels that need to be measured per block

to (2B� 1). Second, rather than collecting pixel values, it is possible to collect pixel difference

measurements, which involve only two adjacent pixels at a time. Thus, it is possible to reduce

the measurements to approximatelyB per block. Third, it is possible that not all adjacent pixel

measurements are necessary and that the BBV can be estimated from fewer measurements. It is

thus possible to collect a pixel difference measurement everyL pixels around the block border.
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Algorithm 4.4 AL-DCT-BBV
Input: ImageI , compression factorCF , block sizeB, Reconstruction Algorithm = {IDCT2jD-
AMPjDAMP-DjIDA}, image widthW, image heightH.
Output: ImageO sensed using AL-DCT-BBV and reconstructed using a reconstruction algo-
rithm.

1. Crop and partition image,I into nB = bH=Bc �bW=Bc, B� B blocks;

2. Collectm1
i = 2� nS samples per block, where thenS = bB=CFc measurements are equally

spaced in the top and left-hand block borders;

3. Estimate the numberm2
i of additional samples to collect from each blocki, wherem2

i is
given by equation (4.7);

4. Collect them2
i transform coef�cients from each blocki;

5. TransmitM = å nB
i= 1(m1

i + m2
i ) measurements;

6. ReconstructO from theM received samples using the selected reconstruction algorithm.

The right-hand blocks and the bottom blocks do not have right-hand and bottom neighbours

that can contribute to the missing edges of the boundary. In these cases, the right-hand and

bottom TVs can be measured from the current block.

Figure 4.3 shows BBV measurements in a 32� 32 pixel block. The variation measurements

in the current block, which consist of the absolute differencesjP1 � P2j of two adjacent pixels

P1 andP2, are shown as rectangles outlined in black.X0 is the pixel offset of the �rst variation

measurement in a row,Y0 is the pixel offset of the �rst measurement in a column, andL is

the stride between pixel variation measurements. In the �gure,X0 = 2, Y0 = 2 andL = 4. We

acquire phase 1 measurements that decrease asCF increases. Hence, we setL empirically:

L = bCFc; (4.1)

and

X0 = Y0 = bL=2c: (4.2)

The number of measurementsnS per block side is given by:

nS = bB=Lc; (4.3)

and the number of measurements used to calculate the BBV is 4� nS, with half of them in the

current block and the other half in adjacent blocks, shaded in grey in �gure 4.3.BBVi is given

by:
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BBVi =
nS� 1

å
j= 0

f j P(1;X0+ jL+ 1) � P(1;X0+ jL) j

+ jP(Y0+ jL+ 1;1) � P(Y0+ jL;1) j (4.4)

+ jP(B+ 1;X0+ jL+ 1) � P(B+ 1;X0+ jL) j

+ jP(Y0+ jL+ 1);B+ 1) � P(Y0+ jL;B+ 1) j g:

If CF > B, ns is zero according to equations (4.3) and (4.1). In this case, the algorithm

reverts to being non-adaptive.

The number of blocksnB in an image ofH by W pixels is given by:

nB = bH=BcbW=Bc; (4.5)

where the �oor operation indicates that the image dimensions are cropped to be multiples of

block sizeB. Then, the number of BBV measurementsMBBV required in phase one is equal to

the number of measurements in each block i.e. 2� nS, multiplied by the number of blocksnB

and adding the measurements at the right and bottom edges and is given by:

MBBV = 2nSnB + ( H + W)=L: (4.6)

These BBV measurements, in addition to being used to calculate the number of measurements

m2
i required in phase two, can also be transmitted to the decoder to serve as additional re-

construction measurements. Then, assuming the total number of measurements used in image

reconstruction is equal toM, the number of measurements in blocki during phase 2,m2
i , is

given by the number of remaining measurements(M � MBBV) distributed amongst the blocks

as a proportion of the block boundary variation measurement in blockBBVi to the total block

boundary measurements from all blocks and is hence given by:

m2
i =

�
(M � MBBV)

BBVi

å nB
i= 1BBVi

�
: (4.7)

whereBBVi is the BBV of blocki, which is the sum of the absolute difference of two adjacent

pixels at each measurement point around the boundary of the block. Half of the measurements

are collected from blocki, and the other half are collected from the adjacent blocks to the

right and below, as shown in �gure 4.3.m2
i has to be capped atB2 � m1

i , and any remaining

measurements can be collected from other non-fully measured blocks.

4.4.2 Adaptive L-DCT-ZZ in the DCT domain

The adaptive L-DCT-ZZ algorithm in the DCT domain, AL-DCT-DD, described in algorithm

4.5, usesm1
i linear 2D DCT measurements per blocki, in zigzag scan order, to compute the

number of measurementsm2
i to collect in phase 2, as shown in �gure 4.2. Several authors have
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Algorithm 4.5 AL-DCT-DD
Input: ImageI , compression factorCF , block sizeB, Reconstruction Algorithm = {IDCT2j
D-AMPjDAMP-DjIDA}, image widthW, image heightH.
Output: ImageO sensed using AL-DCT-DD and reconstructed using reconstruction algorithm.

1. Crop and partition,I into nB = bH=Bc �bW=Bc, B� B blocks;

2. Calculate the number of non-adaptive measurements per blockm1
i = bB2=(2�CF )c;

3. Collectm1
i L-DCT-ZZ coef�cients from each block;

4. Estimate the number of L-DCT-ZZ transform coef�cients to collect per block in phase 2,
m2

i , from equation (4.8);

5. Collectm2
i additional coef�cients as required;

6. TransmitM = å nB
i= 1(m1

i + m2
i ) measurements;

7. ReconstructO from theM received samples using the selected reconstruction algorithm.

considered �rst capturing a full set of measurements (M = N) to compute the value of all the

pixels at the encoder and then adapting the number of measurements to transmit per block,

as reported in section 4.2. These full sensing techniques are feasible if the power required to

sense the transform coef�cients directly in the optical domain is less than the power required

to capture pixels, convert them from analogue to digital, and then perform the transformation

using digital computations. Zhu et al. [65] also consider a similarsigni�cance-based allocation

factor, but this requires a whole block of transform coef�cients. CS techniques, such as our

AL-DCT-DD algorithm, collect fewer measurements (M < N) and hence require less sensing

power than full sensing techniques.

The best PSNR performance by an adaptive algorithm in the DCT domain is achieved when

using the full sensing algorithm 4.3 AL-DCT-THI that selects the highest valued transform

coef�cients from all the blocks. However, if compressive sensing is used, the strategy in the

AL-DCT-DD algorithm is to assignm2
i in proportion to the numberni of them1

i measurements

whose absolute value exceeds a thresholdT with values given in table 4.2. We found empirically

that collecting half the number of available measurements in phase 1, that is,nB � m1
i = M=2,

allows us to distribute the remaining measurements in proportion toni such thatm2
i is given by:

m2
i =

$

nBm1
i

ni

å nB
j= 1n j

%

: (4.8)

The selection ofT is crucial to the performance of the algorithm. The best values were

found empirically as shown in table 4.1 and are summarized in table 4.2 for different image

heightsH and compression factorsCF .
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CR CF
256� 256 512� 512

Image Set Image Set

Non-Adaptive

0.1 10.00 26.44 28.63

0.2 5.00 29.37 31.62

0.3 3.33 31.95 33.82

0.4 2.50 34.38 35.90

0.5 2.00 36.93 38.06

Adatpive T = 15

0.1 10.00 26.82 29.10

0.2 5.00 30.10 32.39

0.3 3.33 33.14 34.85

0.4 2.50 35.89 37.05

0.5 2.00 38.58 39.19

Adatpive T = 30

0.1 10.00 26.96 29.29

0.2 5.00 30.32 32.50

0.3 3.33 33.43 34.94

0.4 2.50 36.10 37.08

0.5 2.00 38.55 39.08

Adaptive T = 60

0.1 10.00 27.07 29.40

0.2 5.00 30.48 32.41

0.3 3.33 33.46 34.79

0.4 2.50 35.98 36.75

0.5 2.00 38.24 38.64

Adaptive Optimized

0.1 10.00 27.07 29.40

0.2 5.00 30.48 32.50

0.3 3.33 33.46 34.94

0.4 2.50 36.10 37.08

0.5 2.00 38.58 39.19

Average 33.14 34.62

Table 4.1: Optimizing the DCT Domain (DD) adaptivity algorithm thresholdT empirically to maximize
PSNR. Largest values in bold.



Chapter 4. Adaptive block compressive sensing of images 68

H = 256 H = 512

T = 15 CF � 2 CF � 2

T = 30 2< CF < 3:33 2< CF < 10

T = 60 CF � 3:33 CF � 10

Table 4.2: Values ofT based on image heightH andCF . The dynamic range of the pixel values is [0
255].

Figure 4.4: Set256: 256� 256 image set.

Figure 4.5: Set512: 512� 512 image set.

4.4.3 Analysis of the BBV and DD adaptive techniques

Using the 2D DCT as the sparsifying domain, the number of transform coef�cients in each

block,mi , that maximize PSNR, can be found by measuring all transform coef�cients in all the

blocks and selecting theM largest transform coef�cients, irrespective of the blocks in which

they occur. This follows from the orthogonal property of the DCT [90], meaning that it pre-

serves the inner product. Since the sum of the square of the image pixel values is equal to

the sum of the square of the transform coef�cients, if we select the highest valued transform

coef�cients, we are guaranteed to collect the highest signal energy.

The resulting algorithm is referred to as the THI algorithm. The higher the number of trans-

form coef�cients in a blocki, the lower the sparsity in the block, and the more measurements

that are required from that block. It is required to show that the number of measurements per

block bmi estimated by the BBV and DD algorithms are well correlated with the number of
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measurementsmi that maximize PSNR.

ADAPT = DD ADAPT = BBV

Image Set CR Image Set CR

256� 256 0.1 0.2 0.3 0.4 0.5 256� 256 0.1 0.2 0.3 0.4 0.5

Barbara 0.531 0.488 0.476 0.596 0.807 Barbara 0.724 0.813 0.773 0.766 0.793

Boat 0.826 0.816 0.821 0.900 0.932 Boat 0.638 0.712 0.677 0.753 0.818

Cameraman 0.861 0.842 0.802 0.871 0.940 Cameraman 0.741 0.858 0.853 0.844 0.862

House 0.905 0.821 0.741 0.743 0.776 House 0.791 0.812 0.865 0.859 0.858

Leaves 0.767 0.910 0.905 0.923 0.932 Leaves 0.515 0.771 0.811 0.791 0.794

Lena 0.664 0.753 0.794 0.898 0.913 Lena 0.671 0.818 0.825 0.841 0.871

Monarch 0.843 0.905 0.887 0.872 0.914 Monarch 0.542 0.705 0.787 0.728 0.787

Parrots 0.847 0.929 0.882 0.902 0.924 Parrots 0.852 0.871 0.872 0.895 0.906

Peppers 0.767 0.782 0.720 0.812 0.841 Peppers 0.330 0.512 0.643 0.501 0.613

Average 0.779 0.805 0.781 0.835 0.887 Average 0.645 0.764 0.789 0.775 0.811

Image Set CR Image Set CR

512� 512 0.1 0.2 0.3 0.4 0.5 512� 512 0.1 0.2 0.3 0.4 0.5

Barbara 0.361 0.403 0.396 0.432 0.656Barbara 0.813 0.817 0.823 0.834 0.830

Barbara2 0.537 0.750 0.813 0.838 0.897 Barbara2 0.7430.680 0.648 0.676 0.700

Boat 0.868 0.890 0.888 0.872 0.876 Boat 0.723 0.798 0.788 0.805 0.831

Cameraman 0.841 0.923 0.911 0.898 0.940 Cameraman 0.837 0.851 0.855 0.862 0.894

Girl 0.778 0.841 0.783 0.734 0.695 Girl 0.509 0.598 0.637 0.611 0.615

Goldhill 0.817 0.877 0.869 0.845 0.905 Goldhill 0.705 0.796 0.826 0.845 0.844

Lena 0.800 0.885 0.874 0.847 0.864 Lena 0.781 0.892 0.881 0.887 0.889

Living Room 0.886 0.922 0.916 0.893 0.923 Living Room 0.749 0.751 0.771 0.804 0.807

Man 0.698 0.808 0.842 0.840 0.906 Man 0.688 0.830 0.860 0.799 0.808

Mandrill 0.726 0.876 0.929 0.947 0.956 Mandrill 0.858 0.910 0.899 0.910 0.914

Peppers 0.844 0.828 0.778 0.731 0.750 Peppers 0.503 0.699 0.759 0.612 0.695

Average 0.741 0.818 0.818 0.807 0.852 Average 0.719 0.784 0.795 0.786 0.802

Table 4.3: Correlation coef�cientr mi ; bmi for 256� 256 and 512� 512 image sets for both BBV and DD
adaptive algorithms with varyingCR. Correlation values below 0.7 are shown in bold.

The correlation coef�cientr mi ; bmi and the con�dence level(1� p), wherep is the probability

of the null hypothesis (that there is no correlation, i.e.,r mi ; bmi = 0), were measured for the Set256

and Set512 image sets in �gures 4.4 and 4.5 forCR = f 0:1:::0:5g. In all cases, the probability

of the null hypothesis was always below 0.0001, indicating strong con�dence in the correlation

results. The average correlation resultsr mi ; bmi for the 256� 256 and 512� 512 image sets are

tabulated in table 4.3 for both the BBV and DD algorithms (original image sets are available in

[91]).

For both image sets, the best correlation was obtained with the DD algorithm. The corre-

lation was strongest atCR = 0:5. The lowest correlation occurs for BBV atCR = 0:1 and may

be due to the low level of measurements acquired to computemi , since the number of block
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boundary measurements is proportional toCR. This indicates that BBV should probably have

a minimum number of boundary measurements from a correlation perspective, although this

could impact PSNR and SSIM, because each phase-one measurement reduces the number of

DCT measurements.

4.4.4 Real-time deblocking

The advantage of deterministic sensing in L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD is that

the signals can be decoded very rapidly at the decoder, such that the collected images or frames

can be used in real-time image and video transmission, for example. Block-based L-DCT-ZZ,

similar to other block-based image compression algorithms, suffers from blocking artefacts at

low CR values, for exampleCR � 0:1. Although the adaptive algorithms were found to attenuate

blocking artefacts caused by the block-based measurements, some blocking is still visible when

CR � 0:1. Blocking can be removed in real time using the ZZF or the THF described in this

section. Better quality deblocking and image quality enhancement can be achieved using the

CS reconstruction algorithms proposed and studied in this chapter. These are derived from

Metzler's D-AMP algorithm [14] and are described in section 4.5.

CR
L-DCT-ZZ-IDCT L-DCT-ZZ-ZZF L-DCT-ZZ-THF L-DCT-ZZ-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 26.44 0.8096 0.0069 26.36 0.8036 0.0139 26.48 0.8042 0.0152 26.59 0.8224 0.1173

0.20 29.37 0.8889 0.0069 29.22 0.8836 0.0136 29.38 0.8840 0.0150 29.46 0.8930 0.1193

0.30 31.95 0.9308 0.0070 31.81 0.9275 0.0143 31.95 0.9270 0.0151 32.00 0.9315 0.1237

0.40 34.38 0.9562 0.0071 34.21 0.9539 0.0143 34.37 0.9536 0.0148 34.41 0.9557 0.1217

0.50 36.93 0.9728 0.0071 36.76 0.9710 0.0140 36.91 0.9710 0.0156 36.89 0.9704 0.1263

Average 31.81 0.9117 0.0070 31.67 0.9079 0.0140 31.82 0.9080 0.0151 31.87 0.9146 0.1217

CR
AL-DCT-BBV-IDCT AL-DCT-BBV-ZZF AL-DCT-BBV-THF AL-DCT-BBV-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 26.70 0.7984 0.0067 25.75 0.7714 0.0134 26.40 0.7715 0.0147 26.84 0.8104 0.1193

0.20 30.49 0.8922 0.0066 28.79 0.8637 0.0133 30.08 0.8716 0.0148 30.60 0.8983 0.1173

0.30 33.37 0.9338 0.0066 31.38 0.9143 0.0139 32.88 0.9180 0.0147 33.450.9366 0.1220

0.40 35.94 0.9563 0.0067 33.67 0.9422 0.0142 35.38 0.9447 0.0150 35.99 0.9577 0.1213

0.50 38.29 0.9702 0.0068 35.99 0.9608 0.0147 37.71 0.9619 0.0153 38.25 0.9700 0.1250

Average 32.96 0.9102 0.0067 31.12 0.8905 0.0139 32.49 0.8935 0.0149 33.03 0.9146 0.1210

CR
AL-DCT-DD-IDCT AL-DCT-DD-ZZF AL-DCT-DD-THF AL-DCT-DD-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 27.07 0.8173 0.0066 26.45 0.7974 0.0134 26.99 0.8047 0.0150 27.22 0.8302 0.1146

0.20 30.48 0.8953 0.0068 29.25 0.8765 0.0136 30.25 0.8807 0.0155 30.590.9001 0.1169

0.30 33.46 0.9350 0.0067 31.80 0.9207 0.0138 33.09 0.9230 0.0147 33.52 0.9364 0.1230

0.40 36.10 0.9588 0.0066 34.18 0.9483 0.0138 35.69 0.9507 0.0148 36.12 0.9590 0.1241

0.50 38.58 0.9735 0.0066 36.61 0.9661 0.0139 38.17 0.9686 0.0146 38.47 0.9717 0.1253

Average 33.14 0.9160 0.0067 31.66 0.9018 0.0137 32.84 0.9055 0.0149 33.19 0.9195 0.1208

Table 4.4: Comparison of IDCT reconstruction and ZZF, THF and BM3DF deblocking on the Set256
image set, with best PSNR and SSIM in bold.

The ZZF deblocks images reconstructed by the L-DCT-ZZ algorithm by executing the L-

DCT-ZZ algorithm on the whole image and retaining only the �rstM low-pass transform coef-
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CR
L-DCT-ZZ-IDCT L-DCT-ZZ-ZZF L-DCT-ZZ-THF L-DCT-ZZ-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 28.63 0.7940 0.0261 28.57 0.7886 0.0649 28.67 0.7903 0.0696 28.69 0.7900 0.50

0.20 31.62 0.8767 0.0257 31.53 0.8719 0.0656 31.64 0.8733 0.0717 31.60 0.8701 0.52

0.30 33.82 0.9164 0.0260 33.72 0.9129 0.0663 33.82 0.9136 0.0722 33.73 0.9109 0.53

0.40 35.90 0.9411 0.0261 35.75 0.9378 0.0686 35.88 0.9389 0.0729 35.72 0.9371 0.54

0.50 38.06 0.9593 0.0263 37.79 0.9564 0.0656 38.02 0.9578 0.0731 37.54 0.9537 0.53

Average 33.61 0.8975 0.0260 33.47 0.8935 0.0662 33.61 0.8948 0.0719 33.45 0.8924 0.52

CR
AL-DCT-BBV-IDCT AL-DCT-BBV-ZZF AL-DCT-BBV-THF AL-DCT-BBV-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 29.18 0.7922 0.0261 28.25 0.7666 0.0668 28.98 0.7778 0.0717 29.23 0.7911 0.52

0.20 32.66 0.8794 0.0262 31.25 0.8548 0.0664 32.38 0.8675 0.0723 32.65 0.8770 0.54

0.30 35.30 0.9196 0.0262 33.47 0.8986 0.0660 34.94 0.9106 0.0711 35.22 0.9172 0.55

0.40 37.42 0.9425 0.0266 35.37 0.9253 0.0649 37.04 0.9359 0.0722 37.29 0.9406 0.52

0.50 39.37 0.9571 0.0262 37.24 0.9450 0.0648 38.99 0.9524 0.0722 39.01 0.9538 0.52

Average 34.79 0.8982 0.0263 33.12 0.8781 0.0658 34.47 0.8888 0.0719 34.68 0.8959 0.53

CR
AL-DCT-DD-IDCT AL-DCT-DD-ZZF AL-DCT-DD-THF AL-DCT-DD-BM3DF

PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s PSNR dB SSIM Time s

0.10 29.40 0.8000 0.0260 28.65 0.7823 0.0648 29.28 0.7918 0.0728 29.42 0.7966 0.48

0.20 32.50 0.8797 0.0257 31.56 0.8669 0.0663 32.34 0.8737 0.0738 32.40 0.8741 0.50

0.30 34.94 0.9179 0.0256 33.77 0.9072 0.0675 34.72 0.9130 0.0731 34.73 0.9136 0.51

0.40 37.08 0.9408 0.0257 35.67 0.9314 0.0644 36.82 0.9365 0.0726 36.78 0.9377 0.52

0.50 39.19 0.9595 0.0260 37.70 0.9520 0.0643 38.98 0.9567 0.0709 38.52 0.9548 0.53

Average 34.62 0.8996 0.0258 33.47 0.8880 0.0655 34.43 0.8943 0.0726 34.37 0.8954 0.50

Table 4.5: Comparison of IDCT reconstruction and ZZF, THF and BM3D deblocking on the 512� 512
Image Set, with best PSNR and SSIM in bold.

�cients in zigzag scan order, whereM = b(N=CF )c, andbxc is the integer part ofx.

If ZZF is applied to the AL-DCT-BBV and AL-DCT-DD algorithms, it �lters out high

frequency transform coef�cients that are preserved by the adaptive process. The THF �rst

computes a 2D-DCT of the whole image and then retains theM largest transform coef�cients

before re-inverting them to the spatial domain, thereby protecting the high frequencies preserved

by AL-DCT-BBV and AL-DCT-DD.

If the image is non-square, then it is �rst split into two overlapping square sub-images,

which are deblocked independently. The two deblocked sub-images are then reformed into the

rectangular image by overlapping them and averaging the pixels in the overlap region.

Tables 4.4 and 4.5 show the PSNR, SSIM and execution time for L-DCT-ZZ, AL-DCT-BBV

and AL-DCT-DD algorithms reconstructed with Inverse 2D DCT (IDCT) and then deblocked

with ZZF, THF or the BM3D �ltering (BM3DF) [92] (BM3D with the fast 'Lc' option set, and

s set toCF ) for the two image sets. Execution time was estimated using the Matlab tic and toc

functions.

Deblocking is mostly required whenCR is low for exampleCR � 0:1. With both image

sets, BM3DF improved the reconstruction most for all testedCR values, followed very closely

by THF. Since the latter executes 4 to 22 times faster, it is the preferred solution for real-time

operation.
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Figure 4.6: Generic block diagram for iterative denoising reconstruction algorithms: D-AMP, D-AMP
Damped (DAMP-D) and IDA. This depicts equations 2.13, 2.14 and 2.15 in the text. The delay blocks
D impart a one-iteration delay such that the output is the vector in the previous iteration. The Onsager
term isa tzt� 1 with a t given by equation 4.9 and is derived from the divergence of thext vector from the
previous iteration.

4.5 Reconstructing deterministic CS using iterative denoising-

based algorithms

In this section, we build on the work of Metzler [14] on D-AMP, described in section 2.2.2, to

design iterative algorithms that better reconstruct images compressively sensed using AL-DCT-

BBV and AL-DCT-DD. The iterative denoising-based reconstruction algorithm is represented

in block diagram form in �gure 4.6. In D-AMP:

a t =
1
d

div[Dŝ t� 1(xt� 1 + A� zt� 1)]
m

; (4.9)

so thata tzt� 1 is the Onsager term. TheD block introduces a delay of one iteration,Dŝ t is the

denoiser block, andr t is given by:

r t = y � Axt: (4.10)

The other variables are as de�ned for D-AMP in section 2.2.1. To use D-AMP on deterministic,

block-based CS, the deterministic forward transform is cast as a sensing matrixA which has a

sparse representation:

A =

2

6
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6
6
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7
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; (4.11)

whereBi;i arem� n basis matrices withn = B� B, m= bn� CRe, CR is the compression ratio

M=N, B is the size of one side of the image block andnB is the number of blocks in the image.

In non-adaptive CS,m andn are constant since there are equal measurements per block. In
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adaptive CS,mvaries per block.A� is the transpose ofA.

WhenB is a random Gaussian block matrix, we empirically found that D-AMP frequently

failed to recover some of the blocks correctly, leading to very signi�cant blocking artefacts.

This never happens when the row vectors ofB are taken from the 2D-DCT basis functions, in

zigzag order, with the �rst basis function being that for the DC component.

BM3D and DnCNN Denoisers

Metzler et al. [16] implemented their D-AMP algorithm as an unrolled deep neural network,

replacing the BM3D [92] with DnCNN [27], which is known to be a more accurate and faster

denoiser. In this chapter, we compare the performance of iterative reconstruction using the

DnCNN and BM3D denoisers.

The block diagram of the DnCNN denoiser is shown in �gure 4.7. The version of DnCNN

used consists of 17 layers. The �rst layer consists of 64, 3� 3� 1 convolutional �lters. The next

�fteen layers consist of 64, 3� 3� 64 convolutional �lters, followed by batch normalization [93]

and a Recti�ed Linear Unit (ReLU) [94]. The �nal layer consists of 3� 3� 64 convolutional

�lters. The neural network was trained using 400 images from the Berkeley Segmentation

Dataset (BSDS500) [44], cropped to 180� 180 pixels.

Figure 4.7: The 17-layer DnCNN [27] used to reconstruct grayscale (one colour component, c=1) images.
Convolution (Conv), recti�ed linear unit (ReLU), batch normalization (BN).

Modi�ed D-AMP - DAMP-D

D-AMP was derived based on the assumption of a Gaussian distribution of the residual recon-

struction error at each iteration [14]. When the measurement matrix is a low-pass deterministic

2D-DCT matrix, this assumption no longer holds, and the reconstruction quality deteriorates.

Figure 4.6 shows that the Onsager term implements an adaptive integration of the reconstruc-

tion error, akin to integral control in a closed-loop feedback system. This inspires us to vary
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the integral control loop gain by introducing a damping factorDF . Then,a t in equation (4.9) is

divided byDF which acts as a damping factor in the integral loop in �gure 4.6, and becomes:

a t =
1
d

div[Dŝ t� 1(xt� 1 + A� zt� 1)]
m

1
DF

: (4.12)

Suitable values ofDF are investigated in �gure 4.10. The modi�ed algorithm is referred to as

DAMP-D with damping factorDF .

Figure 4.8: Reconstructing AL-DCT-DD using (a) D-AMP (whenDF = 1:00) and IDA (whenDF >
1:00) with a BM3D denoiser and (b) using D-AMP and IDA with a DnCNN denoiser. The results shown
for the 256� 256 Monarch image sensed atCR = 0:1.

Simpli�ed D-AMP - IDA

Since the Onsager term requires the residual error to be Gaussian, it was hypothesized that a

simpli�ed version of the iterative denoising algorithm might provide better performance. In-

deed, simplifyinga t to:

a t =
1

DF
; (4.13)

was found to provide better performance than DAMP-D. The ensuing algorithm is called the

IDA with damping factorDF .

Figure 4.8 shows that IDA without damping, i.e.,DF = 1, does not reconstruct the AL-DCT-

DD-sensed Monarch image from image Set256 satisfactorily using either of the denoisers. The

PSNR decreases on the �rst iteration and then oscillates around a level that is 7:5 dB to 10 dB
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lower. However, whenDF increases above 1, following the initial dip, the PSNR tends to

increase. WithDF � 1:4, when employing the BM3D denoiser, IDA improves the initial AL-

DCT-DD PSNR by approximately 2 dB, the maximum value after 20 iterations being reached

with DF = 2. When employing the DnCNN denoiser, IDA improves the AL-DCT-DD PSNR

by 4:4 dB after 20 iterations.

Figure 4.9: Comparison of the PSNR for the 256� 256 images reconstructed using AL-DCT-DD-IDA
with BM3D and DnCNN denoisers atCR = 0:1.

The PSNR for the images in Set256 reconstructed using IDA with DnCNN and BM3D are

shown in �gure 4.9. The PSNR for Monarch and Leaves is substantially higher with DnCNN,

and slightly better in all other images except for Peppers. Additionally, IDA using the DnCNN

denoiser is 4.1 times to 17.8 times faster than with the BM3D denoiser (refer to table 9 in [91]

for run-time comparison) and since it achieves superior performance, we use this denoiser in

subsequent work.



Chapter 4. Adaptive block compressive sensing of images 76

Figure 4.10: PSNR versusDF for [ L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD reconstructed using
IDA for the 256� 256 image set, with compression ratioCR = 0:1.

Tuning DF

To �nd the optimal value ofDF , the PSNR was plotted forDF between 1.0 and 3.0 for various

algorithms, image sets and compression ratios. For example, �gure 4.10 shows the PSNR

versusDF plotted for L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD reconstructed using IDA

for Set256, withCR = 0:1. DF = 2.0 was empirically found to be a good compromise value

across the compression ratios of interest.

4.6 Empirical investigation

In this section, L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD are �rst compared empirically

when reconstructed directly using the IDCT and using CS reconstruction with the D-AMP and

IDA algorithms on the Set256 and Set512 image sets. The CS algorithms were implemented

using a DnCNN denoiser as detailed in section 4.5. The two adaptive algorithms are then com-

pared with other published encoder-side and decoder-side adaptive CS algorithms, as well as

with full sensing techniques. Finally, IDA is compared with two state-of-the-art non-adaptive

algorithms, CREAM [17] and BCS-Net [95]. Since none of the techniques published in the lit-

erature were accompanied by source code, the method we used to compare with these published

results was to repeat the simulation on the same image test sets and at the same compression

ratios.

The simulations were executed on a server equipped with an Nvidia GTX 1080 Ti Graphics

Processing Unit (GPU) with 11GB of memory, an Intel Xeon CPU E5-160 v3 clocked at 3.50

GHz, with 32.00 GB of RAM, running MATLAB version 2019a on Windows 10. The D-AMP

algorithm was downloaded together with the D-AMP toolbox from [96]. The DnCNN code and
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CR
L-DCT-ZZ L-DCT-ZZ-D-AMP L-DCT-ZZ-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 20.09 0.5187 4.82 0.0000 20.79 0.5831

0.02 21.68 0.5955 5.86 0.0000 22.65 0.6739

0.04 23.40 0.6806 6.71 0.1530 24.87 0.7687

0.10 26.44 0.8096 19.84 0.7432 28.42 0.8733

0.20 29.37 0.8889 28.89 0.8828 31.95 0.9281

0.30 31.95 0.9308 31.06 0.9208 34.85 0.9563

0.40 34.38 0.9562 31.96 0.9282 37.31 0.9725

0.50 36.93 0.9728 33.41 0.9568 39.69 0.9823

0.01 - 0.04 21.72 0.5983 5.80 0.0510 22.77 0.6752

0.10 - 0.50 31.81 0.9117 29.03 0.8864 34.45 0.9425

CR
AL-DCT-BBV AL-DCT-BBV-D-AMP AL-DCT-BBV-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 20.09 0.5187 4.82 0.0000 20.79 0.5831

0.02 21.68 0.5955 5.86 0.0000 22.65 0.6739

0.04 23.00 0.6629 6.71 0.1661 24.38 0.7436

0.10 26.70 0.7982 15.63 0.6863 28.73 0.8672

0.20 30.54 0.8930 29.36 0.8891 33.37 0.9359

0.30 33.32 0.9334 30.93 0.9112 36.42 0.9607

0.40 35.90 0.9561 33.15 0.9403 39.01 0.9733

0.50 38.29 0.9702 33.88 0.9459 41.19 0.9810

0.01 - 0.04 21.59 0.5924 5.79 0.0554 22.61 0.6669

0.10 - 0.50 32.95 0.9102 28.59 0.8746 35.74 0.9436

CR
AL-DCT-DD AL-DCT-DD-D-AMP AL-DCT-DD-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 20.32 0.5271 5.32 0.0000 21.05 0.5918

0.02 22.02 0.6085 5.64 0.0087 23.09 0.6880

0.04 23.99 0.6998 7.76 0.2146 25.43 0.7810

0.10 27.07 0.8173 20.38 0.7697 29.13 0.8784

0.20 30.48 0.8953 29.92 0.8944 33.14 0.9308

0.30 33.46 0.9350 31.19 0.9228 36.13 0.9563

0.40 36.10 0.9588 32.67 0.9324 38.78 0.9722

0.50 38.58 0.9735 33.72 0.9524 40.97 0.9811

0.01 - 0.04 22.11 0.6118 6.24 0.0744 23.19 0.6869

0.10 - 0.50 33.14 0.9160 29.57 0.8943 35.63 0.9438

Table 4.6: L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD with IDCT, D-AMP and IDA reconstruction
on the 256� 256 image set, using the DnCNN denoiser. Maximum PSNR and SSIM values for all
compression ratios are in bold.
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CR
L-DCT-ZZ L-DCT-D-AMP L-DCT-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 22.85 0.5343 4.99 0.0000 23.53 0.5753

0.02 24.23 0.5925 5.71 0.0049 24.97 0.6327

0.04 25.70 0.6685 6.97 0.1738 26.63 0.7102

0.10 28.63 0.7940 19.67 0.6853 29.60 0.8204

0.20 31.62 0.8767 28.25 0.8162 32.63 0.8923

0.30 33.82 0.9164 29.64 0.8629 34.74 0.9273

0.40 35.90 0.9411 30.16 0.8680 36.68 0.9487

0.50 38.06 0.9593 32.31 0.9094 38.73 0.9643

0.01 - 0.04 24.26 0.5984 5.89 0.0596 25.04 0.6394

0.10 - 0.50 33.61 0.8975 28.01 0.8284 34.47 0.9106

CR
AL-DCT-BBV AL-DCT-BBV-D-AMP AL-DCT-BBV-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 22.85 0.5343 4.99 0.0000 23.53 0.5753

0.02 24.23 0.5925 5.71 0.0049 24.97 0.6327

0.04 25.74 0.6636 7.10 0.1292 26.74 0.7035

0.10 29.18 0.7923 13.96 0.5735 30.30 0.8216

0.20 32.72 0.8805 22.77 0.8033 33.85 0.8976

0.30 35.26 0.9191 27.63 0.8533 36.32 0.9303

0.40 37.36 0.9419 31.03 0.8860 38.25 0.9492

0.50 39.36 0.9571 33.08 0.9080 40.02 0.9612

0.01 - 0.04 24.27 0.5968 5.93 0.0447 25.08 0.6372

0.10 - 0.50 34.78 0.8982 25.69 0.8048 35.75 0.9120

CR
AL-DCT-DD AL-DCT-DD-D-AMP AL-DCT-DD-IDA

PSNR dB SSIM PSNR dB SSIM PSNR dB SSIM

0.01 23.09 0.5417 5.06 0.0000 23.81 0.5837

0.02 24.60 0.6042 5.83 0.0019 25.35 0.6434

0.04 26.33 0.6826 7.36 0.1784 27.13 0.7170

0.10 29.40 0.8000 17.20 0.6771 30.31 0.8227

0.20 32.50 0.8797 27.14 0.8156 33.39 0.8938

0.30 34.94 0.9179 30.00 0.8556 35.67 0.9269

0.40 37.08 0.9408 30.68 0.8741 37.70 0.9467

0.50 39.19 0.9595 33.21 0.9083 39.77 0.9634

0.01 - 0.04 24.67 0.6095 6.08 0.0601 25.43 0.6480

0.10 - 0.50 34.62 0.8996 27.64 0.8261 35.37 0.9107

Table 4.7: L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD with IDCT, D-AMP and IDA reconstruction
on the 512� 512 image set, using the DnCNN denoiser. Maximum PSNR and SSIM values for all
compression ratios are in bold.
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models were downloaded from https://github.com/ricedsp/prDeep and require the MatConv-Net

package from https://www.vlfeat.org/matconvnet/. DnCNN was trained using 400 images from

the Berkeley Segmentation Dataset (BSDS500) [44], cropped to 180� 180 pixels.

Algorithm Type PSNR dB
L-DCT-ZZ AL-DCT-BBV AL-DCT-DD

PSNR dB PSNR dB PSNR dB

ABCS-TVAL3 [84] ES-CS 30.82 37.38 39.35 38.68

JRW-BCS [65] ES-CS 33.50 33.25 34.26 34.19

ABCS-Zhang [64] DS-CS 29.21 30.06 33.73 31.21

Proposed in [66] DS-CS 31.08 32.88 34.16 34.44

JRW-BCS-Sol2-EB [65] DS-CS 34.08 33.25 34.19 34.26

JRW-BCS-Sol2-VB [65] DS-CS 34.04 33.25 34.19 34.26

ABCS-Wang [75] ES-FS 28.36 35.22 36.85 36.54

Var-reg OP3 [76] ES-FS 29.18 30.39 31.02 31.64

Proposed [79] ES-FS 27.08 31.48 32.93 32.41

ABCS-Canh [80] ES-FS 32.16 34.37 35.59 35.62

ABCS-SF-D [81] ES-FS 32.64 32.26 33.84 33.19

JND [82] ES-FS 28.35 32.13 33.34 33.36

Table 4.8: Comparison of L-DCT-ZZ, AL-DCT-DD and AL-DCT-BBV with ABCS results in the litera-
ture derived on the image sets in the literature, using the compression ratios in the referenced publication.
Best results are highlighted in bold. The underlined results are the only inferior L-DCT-ZZ results.

4.6.1 Comparing the deterministic algorithms using direct and CS recon-

struction

Tables 4.6 and 4.7 present the reconstruction results of the baseline linear L-DCT-ZZ algorithm

and the two adaptive algorithms presented here: AL-DCT-BBV and AL-DCT-DD. The results

of the original D-AMP algorithm and the IDA algorithm used as a post-processing step, are also

reported.

When no CS reconstruction post-processing was utilised, AL-DCT-DD achieved the best re-

sults at all compression ratios (0:01� 0:5) on Set256. The average PSNR performance improved

by an average of 0.97 dB over the baseline L-DCT-ZZ algorithm across all compression ratios,

and average SSIM improved from 0.7941 to 0.8019. This improvement suffered no penalty

in reconstruction execution time, as shown in table 4.12. On Set512, average PSNR increased

by 0.79 dB and the average SSIM increased from 0.7854 to 0.7908, respectively. However,

AL-DCT-BBV achieved a marginally higher PSNR increase for compression ratios in the range

0:1� 0:5 than AL-DCT-DD.

The original D-AMP algorithm failed to reconstruct images at very low compression ratios

(0:01� 0:04). This was expected, as the algorithm was not designed to handle images that have

been sensed using a deterministic sensing matrix. Interestingly, D-AMP achieved some success

in reconstructing images at higher compression ratios, but the quality degraded in all cases.



Chapter 4. Adaptive block compressive sensing of images 80

Algorithm Type
Image Set [37] [39] [36]

Reconstruction algorithm PSNR dB PSNR dB PSNR dB

StatACS [83] ES-CS IWT 31.57

InVDS-WT [85] ES-CS DAMP 34.72

InVDS-DCT [85] ES-CS DAMP 34.83

InVDS-HT [85] ES-CS DAMP 34.40

JRW-BCS-Sol1-EB [65] ES-FS NESTA 34.59

JRW-BCS-Sol1-VB [65] ES-FS NESTA 35.41

JRW-BCS-Sol1-SB [65] ES-FS NESTA 35.48

JRW-BCS-Sol2-SB [65] DS-CS NESTA 34.53

AL-DCT-BBV-IDA-DnCNN ES-CS IDA-DnCNN 32.12 35.06 35.12

AL-DCT-DD-IDA-DnCNN ES-CS IDA-DnCNN 32.30 34.41 35.07

L-DCT-THB ES-FS IDCT 39.03

L-DCT-THI ES-FS IDCT 40.87

Table 4.9: Comparison of AL-DCT-BBV-IDA and AL-DCT-DD-IDA using the DnCNN denoiser with
adaptive CS algorithms in the literature using the indicated reconstruction algorithm. The results in each
PSNR column were derived using the image set in the cited publication, using the compression ratios in
the referenced publication.

IDA successfully improved the performances of all three algorithms. Average PSNR im-

proved by 2.94 dB and 1.54 dB across all compression ratios for Set256 and Set512, respec-

tively. Similarly, average SSIM improved from 0.7941 to 0.8475 for Set256 and from 0.7854 to

0.8122 for Set512.

It is interesting to note that AL-DCT-BBV-IDA achieved the best performance with the

higher compression ratios (0:10� 0:50), whilst AL-DCT-DD-IDA performed best with the low

compression ratios (0:01� 0:04). This has interesting implications when using these algorithms

in video transmission systems. Such systems usually employ a group of picture structure [97]

wherein key frames are sensed with a higher compression ratio than and non-key frames. Hence,

key-frames could be sensed adaptively using AL-DCT-BBV whereas non-key-frames could use

AL-DCT-DD.

Visual Quality

Figure 4.11 shows the quality improvements achieved with the real-time ZZF and THF de-

blocking, non-real-time BM3D deblocking and IDA CS reconstruction, on L-DCT-ZZ, AL-

DCT-BBV and AL-DCT-DD, when compressively sensing and reconstructing theLenaimage

in Set256. Details from the same image are show in �gure 4.12. Some blocking is still visible

in the L-DCT-ZZ, AL-DCT-BBV and AL-DCT-DD images on the left of the two �gures. ZZF,

THF and BM3DF (the BM3D denoiser used as a deblocking �lter) remove blocking, but leave

some ringing artefacts, that arise because of the low-pass nature of the L-DCT-ZZ measure-

ments. IDA reconstruction of the BBV algorithm for the Lena image in Set256, removes all

ringing and increases PSNR by 2.52 dB. SSIM increases from 0.8274 to 0.8879.
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Figure 4.11: Visual Quality of the [A]L-DCT-{ZZjBBVjDD}-[ZZF jTHFjBM3DFjIDA] on the Lena
image in Set256 at a compression ratio ofCR = 0:1. Blue PSNR and SSIM values are worse than those
of ZZ-IDCT in the top left corner. Red values are better. Decoding time is reported in seconds.

Figure 4.12: Details from the corresponding images in �gure 4.11.

4.6.2 Comparison with adaptive CS results in the literature

L-DCT-ZZ and the two adaptive algorithms achieved state-of-the art performance, in PSNR

and SSIM terms, across many adaptive CS algorithms proposed in the literature. Table 4.8

summarizes the PSNR results, where our real-time algorithms perform better than the ES-CS,
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