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Abstract: We design a binary sensing matrix in compressive imagingdoice the capture
time while maintaining image reconstruction performanbg, minimizing the distance
between the binary matrix and a modified principal compoaeatysis sensing matrix.
OCIScodes: (110.1758) Computational imaging, (100.3010) Image rstantion technique.

1. Introduction

Sensing matrix design is one important topic in compressiaging (Cl) research. Most sensing matrix design
works [1-3] focus on obtaining a better reconstruction. eesv, in Cl, another important issue is the time consuming
measurement collecting process. To reduce measureméadtoa) time, we search a binary sensing matrix for CI.
Different from the random binary matrix which has elememtested from a Bernoulli distribution, the matrix we
obtained presents a reconstruction mean square error (M&& to the optimal value. Therefore the matrix benefits
system reconstruction besides fastening measuremesttinyl process. The paper is organized as following. The
binary matrix design work is discussed in section 2. Thenlmenical simulation results are presented in section 3 with
conclusions drawn in section 4.

2. Binary sensing matrix design
In compressive imaging, system measurements can be rafrdss
y=FX+A, 1)

wherey(M x 1), X(N x 1) andri(M x 1) are the measurement, the object, and noise vectors, raghedi(M x N)is
the sensing matrix. The noise is assumed as additive whitesimn noiset (0, 02).

To collect featurd, different kinds of sensing matrices, such as random Gawgsindom binary matrices have been
studied. However, the performance of these matrices dedaatiwhen noise is high. On the other hand, principal com-
ponent analysis (PCA) sensing matrix has been proved toéeptimal in the sense of minimizing reconstruction
error as noise presents. Therefore, we focus on PCA in thik.Wmwte that, since PCA is the optimal for reconstruc-
tion, if a sensing matrix is close to PCA, then it will have doeconstruction performance. Thus we define the binary
sensing matrix design problem as searching a matrix sit@l®CA. In our previous work [4], we also notice that, if
F = Qbca is the PCA sensing matrix, then the matAR b, WhereA is invertible, will generate the same system
reconstruction MSE. With all these observations, we cavestble following problem for binary matrix design,

P: min  g(A) = | VNAQRca — SON(AQpca) H,Z:

_ i 2)
subjto  AA' =1,

where|| - ||e represents the Frobenius norm of a matrix, agr) is the signum function. We redefine the constraint
asG = 0, whereG = AAT — . Then the Lagrangian fd? can be written as

M N M M
AN =3 5 [VNAQRca—0n{AQRcal fi+ 3 3 A+ Glij 3)
i=1j=1 i=1]=I

where| - |jj represents thé, j)n element of a matrix} is a symmetric matrix of siz€M x M), and.x represents the
element multiplication between two matrices.

P is an equality-constrained optimization problem. To s®yae use the Newton-Raphson method [5], which can
be represented using the following equations,
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In Eq.4 and5, 03 ,-Z is the Hessian matrix of the Lagrangianis the Jacobi of the constraint f&s, ande is the

gradient vector of the cost function. Different from Exjthe variables in Eq4 and5 are vectors andA, which are
obtained by lexicographically ordering the elementé@ind the upper triangle part af

The element of the Hessian matfi .. (&), A (")) can be written as
927 (3,A) e o
TLOA) NG — 118 — '] + 223 —
oA OA Si —i'8[j — j'+2Aiwd[j — '], (6)

whered|[i] is the delta function. For the Jacobi matrix@fnote thaiG is symmetric. Therefore only the upper triangle
part of G is used to findl. We have

0Gij L. .
0Ai/j/ :5[|7|,]Ajj/+5“7|,]Aij/. (7)
.
The third parameter in the Newton-Raphson methddeiéd) = | 25 - a0 70 s | -
where 5
£
A = 2NAij - 2VN[sgn(AQpca)Qpealii- 8
ij

3. Numerical experiment
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Fig. 1. (a) The Hadamard vectors sorted based on the variafieach vector, (b) the Hadamard
vector sorted by the mean of a training set, (c) the optintadityi vector set or the optimal solution
for problemP, whenM is M = 8 for 32x 32 blocks.

We use linear Wiener operator for object reconstruction wu#s faster computational speed and equally re-
construction performance as nonlinear methods for higlsenoase [6]. The Wiener operator is definedvés-=
RgF T(FRyF T 4+ g?l)~1. UsingW, the object can be reconstructeckas = Wy.

An object of sizg1056x 1920) is used with block-based low-light-level compressive imgdBCL-Imaging) [7,8]
for the experiment. The block size(82x 32). M = 8 features are searched and used to collect system measiiseme
The noise level is- = 150. Fig.1 presents three binary sensing matrices. Both (a) and (bjadamard vectors.
However, the vectors in (a) are sorted using the variatiequfency in each vector, while the results in (b) are ordered
based on the projections of a block sample average,over Hadamard vectors. Fify(c) shows the searching result
by solving problenP. Reconstructions using all these binary matrices and P@Aaasented in Fig2. In Fig. 2 (a),
the upper image is the reconstruction using the search@aagiinary sensing matrix, while the lower uses PCA. It
can be observed both have similar visual quality. Bi¢h) and (c) show two detail parts of the reconstructionsgisin
all four matrices. From top to bottom, the sub-figures cqroesl to Fig.1 (a), (b), (c) and PCA, respectively. The error
values for the four reconstructions are 0.916, 0.753, Q.@0d 0.692. It is clear, the solution to probléhshows the
best reconstruction among the three binary matrices. ifspeance is also very similar to PCA.
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Fig. 2. The object reconstruction using (a) the optimal hinaatrix (top) and PCA (bottom);
(b)&(c) using Hadamard sorted by variation in a vector, bgj@ections ofXmean Over Hadamard,
the optimal, and PCA (from top to bottom). Noise levebiss 150.

4. Conclusion

In this work, a binary sensing matrix is searched for Cl, blyisg an optimization problem which is to minimize
the difference between the matrix and PCA. Using a numeexpaériment, we find the solution to the optimization
problem presents the best reconstruction among binaryaes@nd comparable reconstruction quality as PCA.
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