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ABSTRACT

This paper describes a compressive sensing strategy developed under the Compressive Optical MONTAGE
Photography Initiative. Multiplex and multi-channel measurements are generally necessary for compressive
sensing. In a compressive imaging system described here, static focal plane coding is used with multiple image
apertures for non-degenerate multiplexing and multiple channel sampling. According to classical analysis, one
might expect the number of pixels in a reconstructed image to equal the total number of pixels across the
sampling channels, but we demonstrate that the system can achieve up to 50% compression with conventional
benchmarking images. In general, the compression rate depends on the compression potential of an image with
respect to the coding and decoding schemes employed in the system.
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1. INTRODUCTION

An optical image has been understood as an intensity field distribution representing a physical object or group
of objects. The image is considered two dimensional because the detectors are typically planary, although
the objects may not. This understanding of the optical intensity field as the image has persisted even as
electronic focal planes have replaced photochemical films. Lately, however, more imaginative conceptions of the
relationship between the detected field and the reconstructed image have emerged. Much of this work falls under
the auspices of the “computational optical sensing and imaging”,1 which was pioneered in Cathey and Dowski’s
use of deliberate image aberrations to extend the depth of field2, 3 and by computed spectral tomography as
represented, for example, in the work by Descour and Derniak.4 More recently, both extended depth of field
and spectral features in imaging systems have been considered by many research groups.

Images of physical objects have many features, such as lines and curves as well as areas separated or segmented
by lines and curves. The most fundamental feature of images is the fascinating fact that an image is not an array
of independent random data values. Tremendous progress has been made in the past decade in feature extraction
and compression of images via post digital processing. Only recently has intelligent sampling and compression
at the physical layer become a major interest. The work of Neifeld is particularly pioneering in this regard.5, 6

The DISP group at Duke University has also focused in several studies on data representation at the optical
sampling layer and on physical layer compression.7–12 The interest in data compression at physical layer is also
encouraged by the mathematical results by Donoho et al., who measure general functionals of a compressible
and discretized function and recover n values from O(n1/4 log5/2(n)) measurements. In particular, the 1-norm
of the unknown signal in its representation with respect to an orthonormal basis is used as the minimization
objective, subject to a condition on the sparsity in the representation coefficients.13, 14 Rapid progress along
these lines by Candés, Baraniuk and others is summarized in publications on line www-dsp.rice.edu/CS/.

The dual concept of data compression at physical layer is super-resolution imaging. Super-resolution image
construction by fusion of multiple images of the same scene has been an important challenge problem in signal
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processing for over a decade. Tanida et al. brilliantly combined the signal processing challenge with physical
design in their work on TOMBO imaging systems.15, 16 TOMBO is a significant example of imaging system
design with respect to many potential metrics, including power, form factor, weight, image fidelity, resolution,
spectral capacity, and computational efficiency. TOMBO proposes in particular that multichannel sampling can
be a fundamentally useful component of digital imaging system design. With the COMP-I program, we propose
further that TOMBO-like multichannel sampling can be combined with multiplex coding and intelligent image
inference algorithms to achieve physical-layer image compression, i.e., the measurements can be used for accurate
estimation of the image at a higher resolution.

A number of multiplex coding strategies and inference strategies have been explored in the COMP-I research
efforts. The coding strategies have included disparate diffractive, birefringent and refractive optical distortions to
the point-spread function in each image aperture, pixel shift coding consistent with traditional signal processing
approaches, and focal plane sampling modulation. This last strategy is introduced in some detail in this paper.
Image inference strategies range from linear models and direct estimation to nonlinear models and iterative
estimation methods. The basic method in integrating the compression at physical layer with multiple apertures
and the image synthesis at a higher resolution is illustrated in this paper with linear estimation. We demonstrate
that the system can achieve up to 50% compression with conventional benchmarking images. Using domain-
specific non-linear or data-adaptive decoding schemes, one may achieve higher compression rates.

In the rest of this paper we describe the concept of focal plane coding in section 2, the encoding transformations
in section 3, an experimental camera in Section 4 and super-resolution image construction in Section 5. We
conclude with additional discussion in Section 6.

2. FOCAL PLANE CODING

Focal plane coding is a means for intelligent sensing at and mapping of optical pixels to enable efficient and
faithful digital image construction. Here we pursue an additional objective, namely, compressive sensing. To this
end, we use multiple apertures with focal plane coding. Each aperture includes an imaging lens, an electronic
focal plane and a focal plane coding element. Previous coding efforts are on aperture coding, such as in wavefront
coding and coded aperture imaging.17–24 Aperture coding uses transmission masks remote from the focal plane.
In contrast, focal plane coding uses masks applied directly to the focal plane or fan-out elements immediately
adjacent to the focal plane. Image synthesis from multiple aperture systems seems pioneered in the TOMBO
system.15, 16 The lens to focal plane distance is adjusted such that an array of images is formed on the focal
plane. Without coding, the multiple images at the focal plane are nearly identical.

With focal plane coding, the image distribution is remapped by a kernel function with spatially finite support.
Consider a focal plane consisting of pixels of size δ and of aperture D. In a conventional imaging system, a lens
of focal length F = D/(NA), used to form an image. The diffraction limited resolution of the field distribution
on the focal plane is λ/(NA), which is typically much less than δ. The angular field of view is approximately
sin θ = D/F = NA. The angular resolution is ∆θδ = δ/F due to the focal plane and ∆θλ = λ/D due to
the diffraction limit. Since F and D are related by the numerical aperture NA, ∆θδ/∆θλ = NA · δ/λ. Thus,
in conventional design, the angular resolution achieved in electronic sampling is NA · δλ times worse than the
diffraction limit, unfortunately. One would prefer to set the pixel size δ based on electronic design rules rather
than field sampling requirements. In other words, we seek diffraction limited imaging independent of the focal
plane sampling rate.

The focal plane intensity distribution formed by an aperture is I(r) =
∫

I0(r′)h(r − r′)dr′, where I0 is

the “true” intensity distribution of an object in the space of its physical existence. The focal plane intensity
distribution integrated and measured at the (i, j) sensor may be described as follows,

mij =
∫

pij(r) I(r)dr =
∫ ∫

pij(r) I0(r′)h(r − r′) dr′dr (1)

where pij is the composition of the pixel-wise integration domain and the coding at the pixel. Supposed the field
intensity can be represented in terms of sinc or wavelet basis ψn(r), for example, so that I0(r) =

∑
n snψn(r).
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Then, Eq. (1) becomes

m = Hs, mij =
∑

n

Hijnsn, Hijn =
∫ ∫

ψn(r′) pij(r)h(r − r′) dr′dr, (2)

where m is the measurement vector and s is the state vector of the object.

By Shannon’s sampling theorem, image resolution is a function of the focal plane sampling rate. According
to Papoulis’ generalized sampling theory,25 it is possible to reconstruct a band-limited image from multi-channel
samplings at sub sub-Nyquist sampling rate. In terms of image sensing, one may take a set of limited pass-band,
equivalently small aperture or low NAimages, and encode the resulting low-pass filtered images with a set of
high spatial frequency masks, for example, N times the resolution measured. Then, one can recover from N such
low pass filtered images a single image with N times the resolution. All low-pass filtered images have a common
pass band but have been modified by a filter function that is complete set over that common pass band and also
over the full ”super-resolved” passband to be restored.

Based on the analysis, by making masks with sufficiently small features placing them at the focal plane, one
can achieve high resolution expected by Papoulis’ theorem. There are various ways in which one could perform
the encoding, some coding schemes may be more sensitive to noise or more difficult to implement than others.
Of course noise typically limits achievable resolution gains to the classical diffraction limit. However, if images
captured are not only band-limited but also diffraction limited, then one could reconstruct from the captured
images a single image that has a resolution N times the diffraction limit. We will have more discussion on this
subject in Section 6.

3. ENCODING WITH COMPRESSION TRANSFORMS

In focal plane coding, we exploit the potential in compressive representation and sampling of the images in a target
image domain. Although the compression analysis is the same as in digital data compression in general, there
are special factors in the design of compressive imaging systems. We shall respect the constraints in physical
realization or engineering process. We prefer the coding schemes with binary values, namely, in the form of
masks, for feasible implementation in visible and infrared imaging systems. The compression coding is static or
non-adaptive at physical layer. With diffraction-limited imaging, focal plane coding schemes are also typically
linear. These conditions or properties, however, do not restrict image representation and hence constructions to
linear or non-adaptive ones. We illustrate in this section the coding design strategy with particular compression
schemes, and discuss in Section 5 on image representations and reconstructions.

Consider a two-dimensional k × k array of lenslets or sub-apertures, where k is a modest number. The
intensity distribution at each focal plane may be seen as a discrete two-dimensional array s of optical pixels of
size δ, as discussed in Section 2. Without focal plane coding, the optical images by the multiple sub-apertures
may be considered identical to s. The sensor array is partitioned conformly into k × k sub-arrays as well. The
sensor sub-array associated with (i, j) aperture renders measurement mi,j . The sensor pixel is, at least, k × k
times as large as the optical pixel. The mapping between s and the measurement mi,j is the composite of the
point-spread function and the coding scheme Hi,j we choose to use. For the rest of the section, we consider the
compression transform only. Thus, mi,j = Hi,j(s). We describe two particular coding schemes. One is referred
to as the shifted-Hadamard transform, the other, the quantized cosine transform.

With the shifted-Hadamard transform (SHT), the transmission pattern, or the coding mask, for each aperture
is shown on the left in Figure 1 for the case of 4× 4 lenslet array (k = 4). Each sensor pixel is partitioned by an
aperture mask into 4× 4 sub-pixels, the white sub-pixels are transmissive, and the black ones are occlusive. The
code associated with (i, j) sub-aperture is Hi,j = (H4(:, i) · H4(j, :) + 1)/2, here we use matlab colon notation
for matrix rows or columns. The elements of the 4× 4 Hadamard matrix H4 are either 1 or −1. With the shift,
the elements of Hi,j are either 0 or 1. The 1-elements are associated with the transmissive or white sub-pixels.
Let H be the matrix with blocks Hi,j . Then, H is the mapping between s and m, the latter consists of all the
sub-array measurements mi,j . The mapping is non-singular and can be inverted efficiently.

The SHT coding scheme posses a built-in resolution hierarchy. In the (1, 1) aperture, all the code elements
are 1s. Thus, each electronic pixel in the aperture integrates or averages over all incident optical power of the
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