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ABSTRACT
We propose a novel blind image deconvolution (BID) regulariza-
tion framework for compressive passive millimeter-wave (PMMW)
imaging systems. The proposed framework is based on the variable-
splitting optimization technique, which allows us to utilize existing
compressive sensing reconstruction algorithms in compressive BID
problems. In addition, a non-convexlp quasi-norm with0 < p < 1
is employed as a regularization term for the image, while a simul-
taneous auto-regressive (SAR) regularization term is utilized for the
blur. Furthermore, the proposed framework is very general and it can
be easily adapted to other state-of-the-art BID approachesthat uti-
lize different image/blur regularization terms. Experimental results,
obtained with simulations using a synthetic image and real PMMW
images, show the advantage of the proposed approach compared to
existing ones.

Index Terms— Variable-splitting, inverse methods, compres-
sive sensing, blind image deconvolution.

1. INTRODUCTION

Passive millimeter-wave imagers (PMMWI) are imaging devices
that collect natural millimeter-wave radiation from the scene. The
literature on passive millimeter-wave imaging technologyis rich
(see [1] for a review). The millimeter-wave regime is part ofthe
electromagnetic spectrum in the frequency band between 30 and
300 GHz, and has significant advantages over the conventional (e.g.,
visible light and infrared) imaging devices in low-visibility condi-
tions during day or night. In environments dominated by clouds, fog,
smoke, rain, snow, and dust-storms, the millimeter-wave radiation is
attenuated a few orders of magnitude less than the visual or infrared
radiation. The ability to capture the scene in low-visibility condi-
tions has led to numerous applications of passive millimeter-wave
technology over the course of years [1]. Furthermore, advances in
millimeter-wave radiometry (e.g., [2]) and integrated-circuit tech-
nologies (e.g., [3]) extended their use while technological break-
throughs led to the development of passive-millimeter wavevideo
devices (e.g., [4]). More recently, active and passive millimeter-
wave scanners have been successfully used in airports to detect a
broad range of concealed threats (e.g., [5]).

This paper is organized as follows. We introduce the modeling
of compressive PMMW imaging in Section 2. In Section 3, we pro-
vide an overview of the existing compressive PMMW reconstruction
algorithms, and summarize the concepts of variable-splitting opti-
mization techniques. The proposed compressive BID algorithm is
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analyzed in Section 4. Finally, supporting experimental results are
provided in Section 5, and conclusions in Section 6.

2. COMPRESSIVE PASSIVE MILLIMETER-WAVE
IMAGING

Conventional PMMW imaging systems consist of two main compo-
nents [6]. The first is responsible for measuring the incoming radia-
tion while the second is responsible for directing the measurements
and forming the image. The main disadvantage of these early de-
vices is their complexity and their long acquisition time. Recently,
several imaging systems have been proposed [6,7] to overcome these
problems. They utilize the concepts of Compressive Sensing(CS)
theory. In a CS setting it is shown that far fewer measurements, than
the desired resolution, are needed to accurately reconstruct signals
that are sparse in a transformed domain [8]. The standard formula-
tion of the compressive passive millimeter-wave imaging model is
given in matrix-vector form by

y = Φx+ n, (1)

where theN×1 vectorx and the vectorn of sizeM×1 represent the
lexicographically ordered unknown image and the observation noise
respectively. TheM × N matrix Φ represents the measurement
matrix, and theM × 1 vectory represents the observation vector.
The unknown image,x, is assumed to be of sizem× n = N . Note
thatM << N .

In this paper we modify the acquisition model in (1) by including
the blurring function, which is a more realistic modeling assumption
due to the blurring introduced by the imaging system lens (defocus-
ing, lens imperfections). Therefore, in matrix-vector form, the for-
mulation of the compressive PMMW imaging model with unknown
blurring function is modeled as

y = ΦHx+ n, (2)

where theN × N matrixH represents the blurring matrix created
from the blurring point spread function (denoted byh from now on).

In order to utilize state-of-the-art compressive sensing algo-
rithms, in their original forms, it is advantageous to rewrite (2)
as

y = ΦWa+ n, (3)

where theN × 1 vectora represents the transformed coefficients
corresponding toN basis vectors that span the column space of the
N ×N matrixW, such thatWa = Hx.



3. EXISTING COMPRESSIVE SENSING
RECONSTRUCTION ALGORITHMS

Compressive sensing image recovery calls for calculating the sparse
vectora from the noisy observationy in (3). It is widely known
that this is an ill-conditioned problem, and that simple recovery al-
gorithms based on least-squares techniques are unable to accurately
recover the unknown sparse vectora. Instead, the most commonly
used approach is to solve the following optimization problem,

min
a

‖y −ΦWa‖2 + τ‖a‖1, (4)

where‖ · ‖ denotes the Euclidean norm,‖ · ‖1 denotes thel1-norm,
andτ is non-negative regularization parameter. In the last few years
numerous approaches have been proposed to solve this optimiza-
tion scheme; for example, linear programing methods (e.g.,[9]), sta-
tistical methods (e.g., [10]), interior-point methods (e.g., [11]), and
Bayesian methods (e.g., [7]). Finding efficient and accurate solu-
tions for the sparse vector,a, is still a very active research problem.
In this paper our focus is to establish a robust framework in which
the existing state-of-the-art CS algorithms can be efficiently utilized
to solve the compressed blind image deconvolution problem as de-
fined in (2), where both image (x) and blur (h) are unknown. This
goal is accomplished by employing variable-splitting concepts from
optimization theory [12]. The developed model will be applied to
PMMW images.

3.1. Overview of Variable-Splitting Techniques

Recently, variable-splitting techniques have been used innumer-
ous image processing applications (e.g., [13, 14]). The objective of
variable-splitting approaches is to introduce hidden variables to the
original optimization problem, in order to simplify optimization of
the functionals (e.g., [13]), or utilize some existing state-of-the-art
algorithms (e.g., [15]). In general, as shown in [12,13], optimization
problems of the form

min
x

R1(x) +R2(f(x)), (5)

whereR1(·) andR2(·) are some regularization functionals andf(·)
denotes a vector function, can be solved by finding the solution to
the following optimization problem

min
x,u

R1(x) +
η

2
‖u− f(x)‖2 +R2(u), (6)

and by lettingη approach∞.

4. PROPOSED APPROACH

Many existing BID approaches are formulated as optimization prob-
lems (see [16] for the most recent literature review), wherea cost
function, with a number of regularization constraint terms, is mini-
mized. The cost function is chosen as the error function‖y −Hx‖2

which ensures fidelity to the data. The regularization termsare used
to impose additional constraints on the optimization problem. Gen-
erally, these constraints ensure image and blur smoothness, that is,
their high frequency energies are minimized. The effect of the reg-
ularization terms is controlled by regularization parameters, which
basically represent the trade-off between fidelity to the data and the
desirable properties (smoothness) of the solution. A general form of

the functional to be minimized with such approaches, adapted to our
imaging model in (2), is given by,

min
x,h

β

2
‖y −ΦHx‖2 + αR1(x) + γR2(h), (7)

whereβ, α, andγ are non-negative regularization parameters. Let
us now propose a novel unconstrained optimization problem that ex-
ploits concepts from both variable-splitting and compressive sensing
approaches. From (6), with the assumption that the hidden vectoru
is compressible in a transformed domain (i.e.,u = Wa), it follows
that the optimization problem in (7) can be reformulated as

min
x,h,a

β

2
‖y−ΦWa‖2+

η

2
‖Wa−Hx‖2+αR1(x)+γR2(h). (8)

Finally, in order to increase the modeling robustness, and assum-
ing that the hidden imageu is sparse in a transformed domain, we
impose a sparse constraint on the transformed coefficients and pro-
pose the following unconstrained blind image deconvolution algo-
rithm for compressive sensing

x̂, ĥ, â = argmin
x,h,a

{

β

2
‖y −ΦWa‖2 +

η

2
‖Wa−Hx‖2+

+ αR1(x) + γR2(h) + τ‖a‖1

}

.

(9)

A widely used approach to solve the above problem isalternat-
ing minimization(AM) which follows the steepest descent with re-
spect to one unknown while fixing the other unknowns. Clearly, AM
approach sets an optimization framework in which we can utilize
existing state-of-the-art compressive sensing methods when solving
for the sparse vectora.

Let us now specify the regularization terms utilized for theim-
age and blur. We employ a variant oflp quasi-norm as a regulariza-
tion term for the image,

R1(x) =

[

∑

d∈D

21−o(d)
∑

i

|∆d
i (x)|

p

]

, (10)

whereo(d) ∈ {1, 2} denotes the order of the difference operator
∆d

i (x), 0 < p < 1, andd ∈ D = {h, v, hh, vv, hv}. ∆h
i (x)

and∆v
i (x) correspond, respectively, to the horizontal and vertical

first order differences, at pixeli, that is,∆h
i (x) = ui − ul(i) and

∆v
i (x) = ui − ua(i), wherel(i) anda(i) denote the nearest neigh-

bors ofi, to the left and above, respectively. The operators∆hh
i (x),

∆vv
i (x), ∆hv

i (x) correspond, respectively, to horizontal, vertical
and horizontal-vertical second order differences, at pixel i. This type
of regularizer for the image has also been used in [17].

In addition, we utilize a simultaneous auto-regressive (SAR)
regularization for the blur,

R2(h) = ‖Ch‖2, (11)

whereC is the Laplacian operator. The SAR regularization (see [18]
for a Bayesian interpretation) imposes smoothness on the blur esti-
mates, and it is typically applied as a model for blurs that are ex-
pected to be smooth, as is the case of blurring functions for com-
pressive PMMWI.

Furthermore, as the minimization of the non-convex func-
tional in (9) is not straightforward, we employ the majorization-
minimization approach [19] to bound the non-convex image regu-
larizerR1(x) by the functionalM1(x,V), that is,

R1(x) ≤ M1(x,V), (12)



whereM1(x,V) is defined as

M1(x,V) =
p

2

∑

d∈D

21−o(d)
∑

i

[∆d
i (x)]

2 + 2−p
p

vd,i

v
1−p/2
d,i

, (13)

andV is a matrix with elementsvd,i > 0. Detailed derivation of
this bound is presented in [20].

Finally, we present our blind image deconvolution algorithm for
compressive sampling, which will be later applied to PMMW im-
ages. In this algorithm we follow a general framework for solv-
ing variable-splitting based optimization problems (see Section 17.2
in [12] for more details).

Algorithm. Givenα, β, γ, τ , η1, a1, andV1, where the rows of
Vk are denoted byvk

d ∈ (R+)N , with d ∈ {h, v, hh, vv, hv}, and
an initial estimate of the blurh1.
For k = 1, 2, . . . until a stopping criterion is met:

1. Calculate

x
k =

[

ηk(Hk)t(Hk) + αp
∑

d

21−o(d)(∆d)tBk
d(∆

d)
]−1

× ηk(Hk)tWa
k, (14)

where Bk
d is a diagonal matrix with entriesBk

d(i, i) =

(vkd,i)
p/2−1 and ∆d is the convolution matrix of the dif-

ference operator∆d
i (·).

2. Calculate

h
k+1 =

[

ηk(Xk)t(Xk) + γCt
C
]−1

× ηk(Xk)tWa
k,

(15)

whereXk is the convolution matrix of the imagexk.

3. Find

a
k+1 = argmin

a

β

2
‖ y −ΦWa ‖2

+
ηk

2
‖ Wa−H

k+1
x
k ‖2 +τ‖a‖1, (16)

4. For eachd ∈ {h, v, hh, vv, hv} calculate

vk+1
d,i = [∆d

i (x
k)]2, (17)

5. Set
ηk+1 = θηk, (18)

whereθ > 1.

Set

â = lim
k→∞

a
k, ĥ = lim

k→∞
h
k, x̂ = lim

k→∞
x
k, (19)

Note that (16) can be re-written as

a
k+1 = argmin

a

‖ y
′ −Φ

′
Wa ‖2 +τ‖a‖1, (20)

wherey′ =





√

β
2
y

√

ηk

2
Hk+1xk



 andΦ′ =





√

β
2
Φ

√

ηk

2
I



. There-

fore, when solving for the sparse vectora, we can utilize existing
compressive sensing reconstruction algorithms (e.g., [11]).

5. EXPERIMENTAL RESULTS

We evaluate the performance of the proposed algorithm on both a
synthetic image (which is similar in structure to real PMMW images)
and real PMMW images. The size of test images is48× 48, as this
is a typical block size for the PMMW images [6]. In this paper,
we adopted the peak signal to noise ratio (PSNR) as a comparison
metric, which is defined as

PSNR = 10 log10
NL2

‖x− x̂‖2
, (21)

wherex andx̂ are the original and estimated images, respectively,
and the constantL represents the maximum possible intensity value
in imagex. The proposed algorithm is terminated when the conver-
gence criterion‖xk − xk−1‖/‖xk−1‖ < 10−4 is satisfied or if the
number of iterations reaches 20. The rest of the algorithmicparam-
eters,p andθ, are set to 0.8 and 2.0, respectively. Furthermore, we
initialize the proposed algorithm with a Gaussian blur of variance 5
for all test cases that follow.

In the first experiment, we blur a synthetic image (i.e., Shepp-
Logan phantom) with a Gaussian blur of variance 3, and perform CS
measurements using both Gaussian and Binary measurement matri-
ces at the compressive ratios of0.2, 0.4, 0.6, 0.8, and1.0. In addi-
tion, the parametersα, β, γ, andτ are found by exhaustive search
through the unknown parameter space for each compressive ratio
(i.e., M/N ). Finally, we add observation noise so that the signal-
to-noise ratio (SNR) equals 40dB. From Table 1, it is clear that the
proposed algorithm is very robust as we can restore the imageat var-
ious compressive ratios. In addition, by constraining the blur support
after each iteration, we can further improve the restoration quality.
Example restorations from Table 1 are shown in Figure 1. Also, in
Figure 1 we show the comparison with the method proposed in [20]
(PSNR=17.16dB), where we assume thatΦ is the identity matrix.
In [20], the authors compared different non-blind and blindimage
restoration methods and show that their method is competitive to
state-of-the-art (see [20] for more details). The performance of the
proposed method, at different compressive ratios, competes with the
method in [20]. The advantage of the proposed approach is evident
as we can achieve similar restoration quality with far less measure-
ments than the number of pixels in the original imagex.

Table 1: PSNR values for the Shepp-Logan image degraded by a
Gaussian blur of variance 3 at SNR=40dB.

Measurement Matrix Compressive Ratio
Blur Support

11x11 48x48

Gaussian

1.0 17.62 17.14
0.8 17.54 17.12
0.6 17.12 16.88
0.4 16.62 16.19
0.2 15.74 15.02

Binary

1.0 17.32 17.00
0.8 17.22 16.91
0.6 17.14 16.90
0.4 16.62 16.11
0.2 16.07 15.50

In the second experiment we evaluate the performance of the
proposed algorithm using real PMMW images (from [6]), and show
the restoration results using random Gaussian measurementmatrices
in Figure 2. In this experiment the parametersα, β, γ, andτ are set
to12.8, 19e3, 70e4, and100, respectively. Also, we assumea priori
that the size of the blur is11 × 11, and re-enforce symmetry on the



Fig. 1: Example restorations:1st column represents uncompressed
blurred Shepp-Logan image;2nd column represents the restoration
obtained by the method in [20] ;3rd, 4th, and5th columns repre-
sent, respectively, the restorations obtained by the proposed algo-
rithm using100%, 80%, and60% of the measurements, whereΦ is
a Gaussian random matrix.

Fig. 2: Example restorations:1st column represents three differ-
ent uncompressed blurred observations from [6];2nd, 3rd, and4th

columns represent, respectively, the restorations obtained by the pro-
posed algorithm using80%, 60%, and40% of the measurements,
whereΦ is a Gaussian random matrix.

blur estimate after each iteration. It is evident that restorations of
high visual quality can be obtained using the proposed method. In
addition, the blurred-uncompressed image in Figure 2 corresponds
to the best achievable restoration when the blurring function is not
taken into consideration.

6. CONCLUSIONS

In this paper we presented a novel blind image deconvolution(BID)
framework for imaging systems that are based on the principles of
compressive sensing. The proposed algorithm employs variable-
splitting optimization techniques, and existing compressive sensing
state-of-the-art algorithms that cannot easily be extended to BID
framework (i.e., when the blurring matrix is different fromidentity).
In addition, the proposed framework is general, as can be seen in
(9), and can easily be extended to other BID algorithms that utilize
different regularization terms for the image and blur. Restorations
of both a synthetic image and real PMMW images are presented to
demonstrate the robustness of our approach. We clearly showthat
modeling of the unknown blur is desirable when restoring images
obtained through lens-based CS imaging systems.
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