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ABSTRACT

We introduce a novel approach for compressive coding at the sensor layer for an integrated imaging system.
Compression at the physical layer reduces the measurements-to-pixels ratio and the data volume for storage and
transmission, without confounding image estimation or analysis. We introduce a particular compressive coding
scheme based on the quantized Cosine transform (QCT) and the corresponding image reconstruction scheme.
The QCT is restricted on the ternary set {−1, 0, 1} for economic implementation with a focal plane optical pixel
mask. Combined with the reconstruction scheme, the QCT-based coding is shown favorable over existing coding
schemes from the coded aperture literature, in terms of both reconstruction quality and photon efficiency.

1. INTRODUCTION

Compressive coding at the sensor layer, or simply compressive sensing, for integrated image systems aims at a
substantial increase in the performance-to-cost ratio by reducing data redundancy at the acquisition time and
short-cutting the imaging process. A conventional imaging process may consist of a few stages: measurements
or data acquisition, transmission and storage of raw data, digital data compression, storage and transmission
of compressed data, and image construction from compressed data. The transmission may take place from
acquisition buffers to local process buffers and further to remote process buffers. The compression by a digital
process is to remove redundancy in raw data. With the compression at the physical layer at data acquisition time,
the measurements-to-pixels ratio becomes less than one, and consequently, the acquisition time, transmission
time, and storage space are all reduced. Interestingly also, compressive coding entails and utilizes multiplex
sensing for photon efficiency as well as information context. The QCT-based coding is a concrete example of the
reference structure tomography paradigm.1

The digital image compression is often preceded by a transformation, which increases the compression poten-
tial for the images of interest. For an integrated image system, we combine the transformation and compression
steps into the data acquisition step via compressive coding. The compressive coding may be implemented at the
physical layer with, for example, an optical mask. One must, however, respect the physical constraints in the
aspects of photon efficiency, and precision requirements of mask manufacturing. We introduce an approach to ex-
tenuating the constraints. In particular, we illustrate the quantized Cosine transform (QCT) and the QCT-based
coding scheme. In its simplest form, the QCT matrix elements are drawn from the ternary integer set {−1, 0, 1},
which is the simplest set, beyond a binary one, for coding at the physical layer. Specifically, we describe the
QCT implementation with an aperture coding mask. Images may be analyzed either in the compressed represen-
tation space, or in the decompressed representation space, the pixel representation space. The data acquired by
compressive sensing may be used directly for the analysis in the former case. We present construction schemes
for the latter. The QCT-based coding is shown favorable over some other easily implemented and well-known
transforms in both reconstruction quality and photon efficiency.
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2. THE QCT-BASED COMPRESSIVE CODING

We consider in this paper an image as the intensity profile of a source object. In the pixel representation, the image
may be viewed as a discrete two-dimensional array with each element as the intensity value of the corresponding
pixel. In digital image compression, the two-dimensional discrete Cosine transform (DCT),2 among other types
of transforms, has been found widely applicable and adopted in the JPEG standard for the coding of still images
of photographic quality.3 We first describe briefly the DCT-based compression scheme and then introduce the
quantized Cosine transform (QCT) and QCT-based compressive coding schemes.

In the transformation step, an image is partitioned into subimages of n× n pixels. Each and every subimage
is transformed in each dimension with the DCT matrix of order n,

C(i, j) =

√
2 − δi,0

n
cos

(
πi(2j + 1)

2n

)
, i, j = 0 : n − 1, (1)

where δ0,0 = 1 and δi,0 = 0 for i �= 0. In the compression step, the DCT coefficients for each subimage are
quantized, according to a quantization or weight map, to reduce the size of the representation in terms of
bits. The DCT coefficients associated with higher spatial frequencies are often given a smaller number of bit
allocations. They are truncated (with zero weights) in a simple scheme, for example, while the other coefficients
are truncated in the lower bits. In the decompression step, each subimage is reconstructed with the inverse DCT
from the quantized and compressed DCT coefficients.

For an integrated image system, we combine the transformation and compression steps into the acquisition
step with a compressive coding scheme. It is however infeasible or prohibitively expensive for a physical im-
plementation of a transform to have the same numerical precision enjoyed by the digital compression process.
To mitigate this problem, we introduce a quantization scheme in the transformation and corresponding recon-
struction schemes. We consider in particular the DCT-originated scheme. We introduce the QCT matrix on the
ternary set {−1, 0, 1}, which is the simplest, beyond a binary set, for physical implementation of a transform as
a focal plane encoding mask.

We define the QCT matrix on the ternary set as follows. Let n be the size of subimages. Then,

Qn(i, j) = round
(√

2 cos
(

πi(2j + 1)
2n

))
, i = 0 : n − 1, j = 0 : n − 1, (2)

where round(x) maps x ∈ [−√
2,
√

2] into the closest integer in the ternary set. It is the simplest waveform-
preserving quantization of the DCT in (1) with the scaling factor

√
2. The matrix Qn is nonsingular and well

conditioned for inversion. We note in passing that a change in the scaling factor effects the number of zeros
and the condition of resulting matrix. For every subimage F of n × n pixels, we define the matrix of its QCT
coefficients as follows

Gn = QnFQT
n . (3)

The subimage is losslessly represented by Gn in the transformed space.

We now describe the QCT-based compressive coding with optical masks. A portion of the QCT coefficients
in Gn are selected according to a truncation map. For example, the coefficients above and on an anti-diagonal of
Gn may be retained and the others deleted. Each retained coefficient is associated with a sensor measurement.
Suppose there are m elements retained, m < n2. Then, only m measurements are taken for each subimage of
n×n pixels. The ternary masks for all n2 QCT coefficients are illustrated in Figure 1. We note that compressive
coding entails and utilizes multiplex sensing for photon efficiency as well as context information.

We show in Figure 2 two simple truncation schemes. Each of the truncation schemes specifies a sequential
ordering among the QCT coefficients. The coefficients after a specified number of measurements are truncated
off. The retained coefficients are either enclosed in a leading submatrix of Gn with the incremental Cartesian
ordering, or above an anti-diagonal of Gn with the other ordering scheme. The zig-zag anti-diagonal ordering is
in the JPEG standard for the DCT-based compression. The weighting on the QCT coefficients takes place in
the reconstruction stage.
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Figure 1. Ternary masks for all 2D-QCT transform coefficients of 8×8 subimages. The elements {−1, 0, 1} are represented
in black, gray and white, respectively.

Figure 2. Two sequential orderings for the truncation of 2-d QCT coefficients: the incremental Cartesian ordering (left)
and the anti-diagonal ordering (right). The first element is at the top left corner.

3. RECONSTRUCTION FROM QCT COMPRESSION

The reconstruction process is the reverse of the compression process. From the DCT-based compression, the
reconstruction of every subimage is simply the two-dimensional inverse DCT transform of its weighted or com-
pressed DCT coefficients. For the QCT-based compressive coding, we describe two methods for effective recon-
struction in different situations and give them a unified explanation.

The first is the direct inversion method. For each subimage F , we denote by B the matrix of measurements
on truncated QCT coefficients. We obtain an estimate of the subimage by solving the matrix equation

QXQT = B,

for X . This method is appropriate when the QCT truncation is not aggressive, i.e., the measurements-to-pixels
ratio is close to one.
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QCT Truncation Map DCT Quantization

Figure 3. The mapping between QCT truncation schemes (left column) and DCT weight/quantization schemes (right
column): non-aggressive QCT truncation (top row), aggressive QCT truncation (middle row) and the JPEG standard
quantization scheme in the DCT and QCT domains (bottom row)

The second method, to which we refer as the indirect inversion method, is for the situation when B is sparse,
i.e., the QCT truncation is aggressive. To estimate from the sparse measurements, we exploit the relationship
between the DCT and the QCT. Specifically we obtain an image estimate by solving the following matrix equation
instead

DCXCT D = B

where C is the DCT matrix, and D = diag(QCT) is a diagonal matrix with the diagonal elements of the
matrix product QCT . We give experimental comparison between these two methods in Section 4 with the same
truncation scheme.

These two methods differ essentially in the weighting scheme. The indirect inversion method is to adapt the
weighting scheme to the sparsity in the measurements. One may exam the QCT-based compression from the
DCT point of view. It can be verified, with an algebraic approach, that the truncation and weighting scheme,
represented by Wq, for the QCT compression corresponds to a weighting scheme Wd in the DCT compression,

QT Wq Q = CT Wd C. (4)

Figure 3 illustrates the mapping between QCT truncation schemes and DCT weights. The DCT quantization
scheme at the bottom right is in the JPEG standard, its image in the QCT representation is close to a submatrix
of Gn. The first two cases illustrate a non-aggressive anti-diagonal truncation and an aggressive anti-diagonal
truncation. Although the JPEG standards corresponds to a nearly Cartesian truncation, we have found that the
anti-diagonal truncation in the QCT domain yields a better reconstruction with the same number of measure-
ments.

4. SIMULATION AND EVALUATION

We present numerical simulations to illustrate and evaluate the properties of the QCT-based compressive coding
scheme. Let X denote an original n×n subimage and Y the corresponding reconstructed subimage. We evaluate
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Figure 4. PSDR performance of the direct and indirect inversion reconstruction methods and the Cartesian and anti-
diagonal QCT truncation schemes.

the reconstruction quality in terms of the degree of preservation. Specifically, we use the following preservation
measurement,

PSDR(X, Y ) = 20 log10

n maxi,j Xij√∑
i,j(Xij − Yij)2

.

PSDR is the ratio between the peak image signal and the image distortion introduced by the QCT truncation.
We provide demonstration and comparison results. For these simulation experiments, we use the collection of 44
images from the image processing toolbox of MATLAB.

Figure 4 gives the comparison among the two reconstruction methods described in Section 3 and two trun-
cation schemes described in Section 2 over the complete range of compression ratios. The block size of the
subimages is 8 × 8. The first observation is that the direct inversion method and the indirect inversion method
have different PSDR performance with the same truncation scheme. The PSDR scores of the direct and indirect
inversion methods using the incremental Cartesian truncation scheme are plotted with dash-dot line and dot
line, respectively. The dash and solid curves are the respective scores with the anti-diagonal truncation scheme.
As the number of measurements increases, the direct inversion method has better PSDR performance over the
indirect one. As the number of measurements decreases, the indirect inversion method is better. The second
observation is that the anti-diagonal truncation scheme is better than the Cartesian truncation scheme, with
each of the reconstruction methods.

We illustrate in Figures 5, 6 and 7 the comparison of the QCT-based compression and reconstruction to
those based on the Haar wavelet transform (HaarT) and the sequency-ordered discrete Hadamard transform,
also known as the Walsh-Hadamard transform (WHT). The latter two transforms have been used for coded
aperture imaging,4–12 their elements are also restricted in the ternary set. Here we use them for the purpose of
compressive coding. We give as the comparison baseline the results based on the DCT, which we do not expect
to have an easy and economic implementation as a focal plane encoding mask. Figure 5 shows the reconstructed
cell images from these four compression schemes. The number of retained coefficients per 8× 8 block is 28 in the
top row and 36 in the bottom row. The QCT-based compressive coding scheme demonstrates favorable PSDR
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DCT PSDR 40.34WHT PSDR 32.31 QCT PSDR 37.37 Haar PSDR 29.53

DCT PSDR 41.73WHT PSDR 33.12 QCT PSDR 40.59 Haar PSDR 29.90

Figure 5. Comparison of reconstructed cell images from four compression schemes: WHT, DCT, QCT and HaarT with
28 retained transform coefficients per 8 × 8 block in the top row and 36 coefficients in the bottom row

performance while having about the same photon efficiency as the two other transforms on the ternary set. It
is closer to the DCT performance when the truncation is more aggressive. Similar performance comparisons are
seen with many other images, as illustrated in Figures 6 and 7.

DCT PSDR 36.61WHT PSDR 35.18 QCT PSDR 35.29 Haar PSDR 34.72

DCT PSDR 32.58WHT PSDR 31.35 QCT PSDR 31.37 Haar PSDR 30.34

Figure 6. Comparison of reconstructed autumn images (top) and cameraman images (bottom) from four compression
schemes: WHT, DCT, QCT and HarrT with 36 retained transformed coefficients per 8 × 8 block

5. DISCUSSION

We have presented a novel approach for compressive coding at the sensor layer for integrated imaging systems
to substantially reduce data acquisition time, data storage volume and data transportation time, without con-

Proc. of SPIE Vol. 5817     255



DCT PSDR 46.80WHT PSDR 42.53 QCT PSDR 42.66 Haar PSDR 41.86

DCT PSDR 25.58WHT PSDR 24.76 QCT PSDR 24.82 Haar PSDR 24.34

Figure 7. Comparison of reconstructed moon images (top) and MRI images (bottom) from four compression schemes:
WHT, DCT, QCT and HarrT with 36 retained transformed coefficients per 8 × 8 block

founding the reconstruction quality. With the focal plane optical masks in mind as the physical implementation,
we have examined the coding schemes associated with three ternary-element transforms. The quantized cosine
transform is new and shows competitive and favorable performance in terms of both visual inspection and the
PSDR measurement. We will report elsewhere the study on optimal weight maps for these schemes, especially,
in the presence of noise and on adaptation to static perturbations such as introduced in mask manufacturing.

This work is supported in part by Defense Advanced Research Projects Agency Microsystems Technology
Office and by National Science Foundation.
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