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Abstract:
We propose a dictionary-based phase retrieval approach for monitoring in
vivo biological samples based on lens-free on-chip holographic video. Our results present a
temporal increase of 9× with 4 × 4 sub-sampling.
OCIS codes: 090.1995, 100.5070, 110.1758.

1.

Introduction

On-chip in-line holography (OIH) is a lens free imaging method that offers high resolution over a wide field-ofview [1, 2]. However, high spatial resolution requires longer time for sampling and processing, yielding a low frame
rate. As the frame rate increases, spatial resolution decreases. This limitation is mainly caused by hardware factors,
such as the readout and Analog-to-Digital (A/D) conversion time of sensors. A typical strategy for increasing the frame
rate is implemented by pixel-wise sub-sampling [3, 4]. In our case (IDS UI-148xLE CMOS sensor with Intel core i5,
4GB RAM), the sensor is capable of performing periodic sub-sampling (static over time) with different factors. The
frame rate of the sensor can be increased up to 14× (61.5 FPS) from the full resolution (1920 × 2560 pixels) with a
down-sampling factor of 36 (6 × 6 periodic). However, the high frequency information of sub-sampled images will be
severely affected, resulting in an inaccurate reconstruction.
In this work, we aim at overcoming the space-time resolution tradeoff using a dictionary-based single frame super
resolution approach. Our result demonstrates a suitable performance for space-time reconstruction with a temporal
increase of 9× with 4 × 4 sub-sampling. Further, we compare phase retrieval performance with previously proposed
method, SPR [2]. This dictionary-based super resolution scheme is applicable for monitoring in vivo movement of
biological samples, such as Euglena.
2.

Methods

A simple on-chip imaging setup is shown in Fig. 1(a). The system consists of a light-emitting diode (LED) and a
complementary metal-oxide-semiconductor (CMOS) sensor. The LED (quasi-monochromatic with wavelength λ =
625µm) is positioned at approximately 40 cm above the sensor so that the spatial coherence of the source, defined by
its distance from the sensor and the width of its active area, is sufficient to produce high-contrast diffraction fringes at
the sensor plane. The samples for imaging are prepared on a transparent glass. The glass is closely placed and adjusted
parallel to the sensor plane. The field propagation process is modeled as,
n
o
 q
(1)
H(x, y; z) = F−1 F{E(x, y)}[kx , ky ] exp iz k2 − kx2 − ky2 [x, y],
where H(x, y; z) is the propagated field at axial distance z from the object field E(x, y). F and F−1 denote the Fourier
transform and its inverse transform. kx and ky are the corresponding spatial frequencies of x and y. k = 2π/λ . Previous
reconstruction techniques [5, 6] alternatively project the image field between Fourier domain (H(x, y)) and object
domain (E(x, y)). The corresponding constraints, i.e., amplitude in Fourier domain and support in object domain, are
updated accordingly. Ryu et al. [2] reported the issue of space-time resolution tradeoff and proposed a sub-sampled
phase retrieval (SPR) scheme for temporal resolution enhancement. Here, we propose a dictionary-based method for
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further improving the reconstruction results. The reconstruction is decoupled into two steps. The first step is HR
hologram recovery via sparse representation, as shown in Fig. 1(c). A bilevel dictionary is trained from acquired high
spatial resolution (HR) holograms and their sub-sampled low spatial resolution (LR) counterparts. The second step is
to retrieve phase based on the recovered HR holograms.
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Fig. 1. (a) Experimental setup. LED: light-emitting diode; CMOS: complementary metal-oxidesemiconductor. (b) Space-time sampling. Up: full/high spatial resolution with low temporal resolution; down: sub-sampled/low spatial resolution with improved temporal resolution. (c) Bilevel
dictionary-based training/reconstruction procedure. HR: high resolution; LR: low resolution.
The problem in sparse signal representation is to find the sparsest representation possible of a given signal vector
y ∈ Rn , based on an over-complete dictionary Φ ∈ Rn×m , with m > n. Each column vector of the dictionary φi ∈
Rn , i = 1, ..., m. is referred to as an atom. Thus, the sparse representation problem becomes the following optimization
problem, minα ||α||0 s.t. y = Φα. This is a combinatorial optimization problem. Several variants [7, 8] such as
convex relaxation have been proposed. In order to avoid the under-optimized connection between LR image and HR
dictionary, we use a sparse coding scheme, bilevel coupled dictionary [9, 10] to jointly optimize an HR dictionary and
its corresponding LR dictionary, as well as the sparse representation coefficients. The optimization problem can be
described as below,
N

1

∑ 2 ||Hi − Dh αiH ||22
Dl ,Dh
min

i=1

s.t.

αiH

1
= arg min ||Li − Dl αiL ||22 + λ ||αiL ||1
L
αi 2

(2)

Each element of the HR and LR dictionaries obeys the constraint: ||Dh (:, k)||2 ≤ 1, ||Dl (:, k)||2 ≤ 1, k = 1, ..., m. The
two dictionaries are coupled so as to share the same sparse coefficient αiH = αiL .
We build the coupled dictionary separately for each sub-sampling factor. In the training phase, we record a training
video in order to acquire HR image patches (106 ). The corresponding LR image patches are obtained by numerically
sub-sampling. The number for dictionary atom is 512. In the testing phase, the same 800 image patches were used.
Empirically, we found that larger image patch sizes improve the reconstruction performance. However, larger image
patch sizes require more atoms and larger number of training patches. The training results are summarized in Table 1.
3.

Results and conclusion

A comparison of reconstruction performances is shown in Fig. 2. In this case, the parameters, e.g., distance of propagation, are fixed. The parameters in the phase retrieval algorithm are approximately the same after tuning. In order to
perform a fair comparison, the central 60 × 60 pixels are cropped from the originally reconstructed 160 × 160 image
and the PSNR and SSIM values are computed based on the cropped images. It can be seen that the dictionary-based
method performs better than SPR algorithm.
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3×3
N.A.
35.67
36.72

4×4
32.10†
32.33
33.13

Table 1. Comparison of different patch sizes at different sub-sampling factors. PSNR values are
shown in decibel unit. † : tested by applying the 2 × 2 dictionaries twice.

Our proposed method serves as a useful tool for improving space-time resolution based on OIH setup. Monitoring
in vivo scenes also provides insights for behavior studies of microorganism.
2×2

Full resolution

3×3

4×4

SPR

Amplitude
0

Phase (rad)
1 -0.4

0.4

PSNR SSIM

36.73 0.9895

36.10 0.9665

36.33 0.9889

35.74 0.9654

33.02 0.9746

33.28 0.9422

41.54 0.9967

42.02 0.9912

41.76 0.9964

38.61 0.9816

35.96 0.9902

36.56 0.9727

Central !60×60 pixels
are presented
Bilevel

PSNR SSIM

Fig. 2. Comparison of sub-sampled phase retrieval (SPR) [2] and our proposed bilevel dictionary
method. PSNR: peak signal-to-noise ratio; SSIM: structural similarity.
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