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Abstract: We demonstrate in hardware that an ultra-miniature, lensless computational
diffractive imager can yield images of QR code symbols sufficient for accurate code reading,
even amidst modest variation in target orientation.

OCIS codes: 050.1960, 110.1758, 110.3010, 130.3120, 350.2770, 070.5010

1. Introduction

Inspired by the demonstration of integrated CMOS diffraction-based imaging in [1], we have developed and prototyped
a new class of ultra-miniature lensless computational sensors and imagers. [2–6] Our devices rely on special phase
anti-symmetric optical gratings that produce signals on a CMOS photodetector array that are invariant to variations in
grating manufacture and to variations in source optical wavelength. The sensor signals retain the full Fourier image
information (up to the two-dimensional Nyquist rate). Final images are computed from the raw sensor signals—by
Fourier methods, matrix-inversion methods based on Tikhonov or total variation regularization, Bayesian estimation,
or other methods—chosen based on prior information about the source, available computational resources, required
fidelity of the final digital image or accuracy of the image sensing task.

Fig. 1. Schematic of a phase anti-symmetric

spiral grating covering 127 × 127 pixels, each of dimen-
sion 1.67× 1.67 µm. Black represents an optical phase de-
lay of λ/2 of typical incident optical wavelength, 550 nm,
compared to that of white. This grating is one of 29 grat-
ing experiments on a single silicate layer atop an Aptina
MT9J003 10Mp sensor connected through a USB 3.0 port
to a PC, with signals read from each experiment’s sen-
sor area separately. The full grating thickness is 500 µm,
and because the angle of view is 100◦, light strikes the
photosensor in an area extending beyond that immediately
beneath the phase grating which in the present QR code
reader case is 400 pixels across. [2, 3]

While the range of scales and resolutions available in
this family of lensless sensors is large (from a few to a
few hundred pixels on an edge) and can be chosen based
on the application and desired final resolution, the sensor
reported here has a circular spiral grating aperture 212
µm in diameter or 127 pixels (Fig. 1). The sensor field of
view is 100◦. By geometry, the total sensor area that can
receive light corresponds to 400 × 400 pixels, thus ex-
tending beyond the phase grating itself. The sensory in-
put to processing is thus 160,000 12-bit monochromatic
pixels.

Whereas some image analysis tasks, such as motion
estimation, may be solved by applying appropriate algo-
rithms directly to the raw sensor input, QR code read-
ing is very unlikely to work in the direct sensor domain
because most of the code information is in the spatial
phase domain. As such, we first compute an image of
the QR symbol and then apply existing QR code reading
software, with its fiducial-based localization and error
correction. This processing architecture allows the same
sensor to be used for general image acquisition.

We represent the input scene (such as an image of a
QR code) as a vector x and the optical transfer matrix
as A, and thus the signals on the sensor are y = Ax+n,
where n is pixel-wise noise. The final 128 × 128-pixel
digital image is an estimate of a general scene, com-
puted for instance by Tikhonov regularization. A QR



code symbol is a binary image and any estimate should vary solely along the black-white boundaries—a small number
of the total pixels. We used Tikhonov regularization to minimize the expected square error throughout the image, then
found the alignment and spacing of the QR code grid using a radon transform followed by the Fourier transform of an
oriented absolute different filter. The mean of the image pixels residing within each QR pixel was thresholded to pro-
vide our estimate of the sign of the QR code pixel. The computational cost of computing each image is roughly 5.26G
flops, which is easily implemented even at video rates in parallel hardware such as an FPGA or GPU. (Our barcode
images and reader results, below, were computed on a PC offline.) The computational cost of simple thresholding is
negligible, and we do not consider the QR code reader, which operates in real time. Figure 2 illustrates the processing
steps from target image to thresholded digital image.

Fig. 2. Left-to-right: An instance of a Version 2 (25×25) target QR code symbol (31 bytes); the raw
signals in the 400 × 400 pixels array in our sensor; the digital image computed from the sensor sig-
nals using Tikhonov regularization; the final image, rotated and thresholded by line to yield roughly
50% white pixels. This final image is presented to ZXing QR code reading software, which decodes
the image to extract its 31-byte code.

2. QR code reading accuracy

All target QR code payloads were 31-byte representations of snippets of text by Shakespeare, and the corresponding
QR code target images were rendered on a rear-projection screen of approximately 500 lumens in an otherwise dark
room, subtending a visual solid angle of 100◦×100◦ from the position of the sensor, 15 cm away. The final computed
digital image was 128× 128 pixels. The generation of all QR code target images, the acquisition of sensor signals, the
digital image computation (using Tikhonov norm regularization with regularization parameter γ set once, by hand),
and simple automatic image thresholding were done on a PC. The resulting digital images were decoded using the
open-source ZXing QR decoder, which has no adjustable parameters. [7]
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Fig. 3. Average QR code-reading accuracy

as a function of the orientation of the source. There has
been no optimization of the system based on parameters
governing grating, image reconstruction, thresholding, lu-
minance correction, edge detection and rectification, and
code component square estimation (black or white), all of
which are likely to improve reading accuracy and robust-
ness amidst variations in orientation, scale and pixel noise.

We report here results from ten example codes, each
presented in conditions−20◦↔+20◦ in 10◦ increments.
The accuracy reported is based on the percentage of QR
codes read perfectly (Fig. 3). These preliminary results
for classification accuracy as a function of orientation of
the code mark are encouraging. Moreover, in all but one
case of a classification error, the software returned a “not
decodable” signal—a signal that in a fielded commercial
system could enable a user to interactively adjust the po-
sition or orientation of the sensor until the code is read.

There are a number of straightforward steps that
should improve accuracy and insensitivity to scale, ori-
entation and source noise. [8] The angle-dependency of
the screen luminance and the physical geometry of the
sensor lead to the overall light intensity (and hence dig-
ital signals) in the central sensor photoreceptors being
higher than in the peripheral photodetectors. These facts
lead to the contrast in the computed digital image in the
central regions being higher than that in the peripheral
regions, thereby degrading the accuracy of image binar-



ization. This inaccuracy can be removed by conditioning the raw sensor signals by multiplication by a simple radial
function, boosting the signals at the periphery more than those at the center. Standard straight oriented edge-segment
detection, with priors over the segment lengths and right-angle intersections, may improve the extraction of code
squares, thereby improving reader accuracy and robustness. [9] The assignment of the binary value (white or black)
to each extracted mark squares may be improved by pixel-based majority voting, or watershed transform, or other
pixel-based estimation methods.

3. Conclusions

We have designed and built the world’s smallest passive QR code reader sensor (e.g., requiring no scanning laser
illumination) and have shown that the full system can yield digital images of quality sufficient for reading by QR
code software. A number of straightforward modifications can be used to improve the accuracy and robustness to
transformations and variations in the code symbols. Our work is the first to show that the principles of computational
diffractive sensing and imaging can be successfully applied to the problem of mark reading and thus, by extension,
related problems in pattern recognition. [10]

More distant, future work, will center on designing special-purpose phase gratings, tailored to the expected range of
scales (and hence source spatial frequencies) of code symbols, and on improving algorithms for digital image creation
and image processing for code reading. Such a specialized QR symbol reader would likely be ineffective for general
image acquisition.

This work leads the way to many other application-specific diffraction-based image capture devices and applica-
tions.
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