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Physics-based Learned Design: Optimized
Coded-lllumination for Quantitative Phase Imaging

Michael R. Kellman, Emrah Bostan, Nicole Repina, and Laura Waller

AbstractCoded-illumination can enable quantitative phase Coded-illumination microscopy uses intensity measure-
microscopy of transparent samples with minimal hardware ments with asymmetric source patterris |[18] to retrieve
requirements. Intensity images are captured with different source 5 phase information. Quantitative Differential Phase Con-

patterns, then a non-linear phase retrieval optimization re- .
constructs the image. The non-linear nature of the processing trast [19] [22] (aDPC) typically captures four measurements

makes optimizing the illumination pattern designs complicated. With rotated half-circle source patterns, from which the
Traditional techniques for experimental design (e.g.condition phase is computationally recovered using a partially coherent

number optimization, spectral analysis) consider only linear model. The performance of qDPC is predominantly deter-
measurement formation models and linear reconstructions. Deep mined by how the phase information is encoded in (via

neural networks (DNNs) can ef ciently represent the non-linear ded-illuminati d decoded f 2 oh
process and can be optimized over via training in an end-to-end coded-illumination) an ecoded from (via phase recovery)

framework. However, DNNs typically require a large amount of the intensity measurements.

training examples and parameters to properly learn the phase  The half-circle illumination designs of gDPC were derived
retrieval process, without making use of the known physical analytically based on a Weak Object Approximation| [20]] [21],
models. Here, we aim to use both our knowledge of the physics 1“1 which linearizes the physics in order to make the
and the power of machine learning together. We propose a new . . . o .
data-driven approach to optimizing coded-illumination patterns NVerse problem mathemat_lcally convenient. This Ilnganzed
for a LED array microscope for a given phase reconstruction Model enables one to derive a phase transfer function and
algorithm. Our method incorporates both the physics of the analyze the spatial frequency coverage of any given source
measurement scheme and the non-linearity of the reconstruction pattern [21], [22], [[25], [[2B]. However, the non-linearity of
algorithm into the design problem. This enables ef cient parame- the actual system makes it impossible to predict an optimal

terization, which allows us to use only a small number of training desi ithout k ina th le’s bh L
examples to learn designs that generalize well in the experimental Ssource design without knowing theé samples phasgriori.

setting without retraining. We show experimental results for [N addition, these types of analysis are inherently restricted
both a well-characterized phase target and mouse broblast to linear reconstruction algorithms and will not necessarily

cells, using coded-illumination patterns optimized for a sparsity- result in improved accuracy when the phase is retrieved via
based phase reconstruction algorithm. Our learned design results non-linear iterative methods

using 2 measurements demonstrate similar accuracy to Fourier

Ptychography with 69 measurements. Motivated by the success of deep learning [27] for image re-

construction problems [28] [33], data-driven approaches have
been adopted for learning coded-illumination patterns. For
instance, researchers have used machine learning to maximize
the phase contrast of each coded-illumination measurement
. INTRODUCTION [34], to improve accuracy on classi cation tasks [35], and to

Quantitative Phase Imaging (QPI) enables stain-free apﬁj:onstruct_phasn_e [:35].AII of these techn_iques learn the input-
label-free microscopy of transparent biological samgies OUtPut rel_atlonsmp with a de_ep convolt_JtlonaI neural network
vitro [1], [2]. Compared with coherent methodg [3]] [4], QP(CNN) using training data. It is not straightforward to include

techniques that use partially coherent light achieve hightle Well-characterized system physics; hence, the CNN is
spatial resolution, more light throughput, and reduced speckgguired to learn both the physical measurement formation and
artifacts. Phase contrast can be generated by interfergnce &, Phase reconstruction process. This task requires training
[6] or defocus [[7][9]. More recently, coded-illumination of 10s to 100_s_of thousands of parameters and an immense
microscopy[10] [15] has been demonstrated as an accurafé!mber of training examples.

and inexpensive QPI scheme. To realize coded-illumination, €€, we introduce a new data-driven approach to opti-
we replace a commercial microscope’s illumination unit witAiZing the source pattern design for coded-illumination phase

a light-emitting diode (LED) domed array (see Fig. o) [16]r_etrieyal by directly including both.the systgm physics and Fhe
This exible hardware platform has been used for various Qlﬂpn-llnear nature of a reconstruction algorithm in the learning

applications including super-resolutign [107, [11], [13], mulgiProcess. Our approachnrolls the iterations of a generic
contrast([12],[[1F7], and 3D imaging [L14], [1L5]. non-linear reconstruction algorithm to construct @amrolled

network [37] [43]. Similar to CNNs, our unrolled network
M. Kellman, E. Bostan and L. Waller are with the Department of Electricatonsists of several layers (one for each iteration); however,
Engineering and Computer Sciences, University of California, Berkeley, Cf\y our case each |ayer consists of Well-speci ed operations to
94720, USA. : . o
N. Repina is with the Graduate Program in Bioengineering, University épcorporate measurement fprmatlon and sparse_z regularlzgtlon,
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Fig. 1. Learning coded-illumination designs for quantitative phase imaging: (a) The LED-array microscope captures multiple intensity measurements with
different coded-illumination source patterns. (b) The measurements are used to computationally reconstruct the sample’s complex- eld using an iterative phase
recovery algorithm. (c) An optimization procedure for learning optimal coded-illumination patterns updates the illumination design.

Measurements

The key bene ts of our approach are: wherej j2 denotes squared absolute valuedenotes con-
incorporation of the system physics and reconstructiofelution,  denotes elementwise multiplicatios(r) is the
non-linearities in the illumination design process. ilumination’s complex- eld at the sample plane arpur)
ef cient parameterization of the unrolled network. is the point spread function (PSF) of the microscope. The
incorporation of practical constraints. illumination from each LED is approximated as a tilted plane
reduced number of training examples required. wave,s(r) = ' lpos ", with tilt angle, upes, determined by the

We deploy our data-driven approach to learn improveehysical position of the LED relative the microscope|[44].
coded-illumination patterns for phase reconstruction. EachBecause the measured image in Ep. 1 is non-linear with
layer of the unrolled network is parameterized by only eespect to the sample’s transmission function, recovering
few variables (LED brightness values), enabling an ef ciethase generally requires non-convex optimization. However,
use of training data (<100 simulated training examples).biological samples in closely index-matched uid have a
We compare the QPI performance of our learned designssimall scatter-scatterterm. This means that aeak object
previous work and demonstrate that our designs generaliggproximation can be made; linearizing the measurement
well to the experimental setting with biological samples. formation model such that phase recovery requires only a

linear deconvolution of the measurements with their respective
Il. QUANTITATIVE PHASE IMAGING weak object transfer functions (WOTF$) [20][24]. Further,

gDPC recovers a sample’s complex transmittance functianstained biological samples are predominantly phase objects
from several coded-illumination measurements. The phase s@ice they are only weakly absorbing (i.€r) is small).
covery optimization algorithm aims to minimize the EuclidealVith these approximations, we can express each intensity
norm of the error between the measurements and the expectegsurement as a linear system with contributions from the
measurements formed with the current phase estimate. Udsiragkground and phase contrast. In Fourier space,
a gradient-based procedure, the phase estimate is iteratively
updated until convergence. For a partially coherent source, )
the phase can be recovered with resolution up to twice the pu) B (U)+ ih(u) Ru); )

coherent diffraction limit. In this section, we describe the megz, . denotes Fourier transforr. are 2D spatial-frequency

surement formation process and phase recovery optimizatigBordmatesB is the measurement's background energy con-
. centrated at the DC arl(u) is the phase WOTF. The phase
A. System Modeling WOTFs are a function of the source and the pupil distributions

A thin sample’s transmission function can be approximateg the microscopel [21]. For a single LED the WOTF is:
as a 2D complex functiom(r) = & () ( 1) characterized

by its absorption, (), and phase, (r) = 2 n(r)d(r),

wherer are 2D spatial coordinates,is the wavelength of the h(single) () = i(p(u) 2b(U) bu) ? p(u)); ©)
illumination, d(r) is the physical thickness of the sample, and ) ]

n(r) is the change in refractive index from the background{N€re? is the correlation operator, de ned &, ? x2)(r) =

Intensity measurementg(r), of the sample are a non-linear X1(HX (- Ndrfor r in the domain ofp andb.
function of o(r), mathematically described by, In [21]], multiple LEDs are turned on simultaneously to
increase signal-to-noise (SNR) and improve phase contrast.

] . Because the elds generated by each LED'’s illumination are
y(m = Jp() () o) (1) spatially incoherent with each other, the measurement from
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multiple LEDs will simply be the weighted sum of each LED'@Algorithm 1 Accelerated Proximal Gradient Descent (APGD)
individual measurement, where the weights correspond to fi§ Phase Recovery

LEDs’ brightness values. The phase WOTF for illumination1: procedure APGD((x)K-; iN; ; P())

by multiple LEDs will also be the weighted sum of the single- ,. b©@ _ 0: btH _

LED phase WOTFs. Mathematically,

X 3 for n 2 f 1:::Ng do
b(multi) (U) = Cwb(single) (U) (4) 4 s (n) b(r| D +(1 (n))b(n 2)
w 5: zZ® s K (A D)k Aks™)
h™iD - (u) = cwh§"9® (u); 65 e b™  prox, (M)
w2w 7 end for
whereW is the set of LEDs turned on amt}, O are the 8 return b'
LEDs’ brightness values. 9: end procedure

Following common practice| [45], we discretize the 2D
spatial distributions and format them as vectors (bold lower
case) (e.g.ﬁ represents the transfer function’s 2D spatialA. Unrolled Physics-based Network

frequency distribution and represents the 2D spatial phase Traditionally, DNNs contain many layers of weighted linear
distribution). The measuremeffitare described in Fourier mixtures and non-linear activation functioris [27]. Here, we
space ap = AP with system functiomA = diag(R). consider specic linear functions which capture the system
Based on this model, we den& 2 RYS as the physics of measurement formation and specic non-linear
Fourier transform ofS single LED measurement$, along activation functions which promote sparsity [37], [38]. Starting
the columns. ThenC 2 RS is dened as theS single- from Alg. [ll, we treat each iteration as a layer such that
LED weights for each oK measurements, antk 2 R® is  \when unrolled they form a network o layers, denotedR
thek™ column ofC. The productp = Yc simulates th&"  (rig [2). Each layer oR contains a module for each of the
multiple-LED measurement. Similarly, we dert¢ 2 RN °  jterative algorithm’s updates (i.en acceleration module, a
asS single LED phase WOTF4} along the columns, such gradient module (incorporates system physics), and a proximal
that the productA = diag(Hc k) gives the corresponding module (incorporates sparsity)). The regularization and step

multiple-LED phase WOTF for th&™ measurement. size parameters speci ed for Alf] 1 are xed. The network’s
inputs comprise(Px)K-; and the network’s output i@m).
B. Phase Recovery The design parameters of the network, which will be learned,
Phase recovery using the forward model in $ec.]Il-A cd¥pvern the relative brightness of the LEDs and are incorpo-
be formulated as a regu|arized linear inverse prob|em, rated in the measurement formation and the system WOTFs.
b? _ R(PO, :PO) ©6) B. Learning. Obje(?tiv§ | o

% Our learning objective is to minimize the phase reconstruc-

= argmin 1 kb APKE+ P(D); (7) tion error of the training data over the space of possible LED

k=1 con gurations, subject to constraints that enforce physical

. . feasibility and eliminate degenerate and trivial solutions:
where 7 is the recovered phask, is the number of mea- y 9

surements acquired, is the Fourier transform of th&™
measurement ané () is a user-chosen regularizer. We solve C? =argmin F(C) (8)
this optimization problem ef ciently using the accelerated ©

proximal gradient descent (APGD) algorithm by iteratively st.c 0 (non-negativity) ©)
applying an acceleration update, a gradient update and a kekky =1 (scale) (10)
proximal update [46]/[47]. The algorithm is detailed in Alg. 1, mg ¢ck=0 (geometric) (11)
where is the gradient step sizh), is the number of iterations, 8k2f1:::Kg:
s andz are intermediate variables(" is tlbe acceleration pa- ’
rameter derived by the recursiorf?’) = % [47], where,
and prox () is the proximal operator corresponding to the
user-chosen regulariz&r() [46]. 1 %
FO)=r5 Fi©) (12)
I1l. PHYSICS-BASED LEARNED DESIGN ':)z_
Given the phase recovery algorithm in gec. ]I-B, we now de- = % KR((Y 1ck)K2;) b,okg; (13)

scribe our main contribution of learning the coded-illumination 1=1

designs for a given reconstruction algorithm and training Sq—trere 0 |O)L are L training pairs for whichY, is a
’ 1 =1

1in practice,y typically refers to the so-called attened image, where thénamx of the Four'e_r tran_Sform of S'lee_'LED measurements
background energy iff{2) is removed via background subtraction. for thel™ sample with optical phase,’. is the elementwise
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Fig. 2. Unrolled physics-based network: Feed-forward schematic for the unrolled accelerated proximal gradient descent (APGD) nétwitekattons
(dark blue box). The network takes intensity measurememts parameterized by the coded-illumination desigg, as input and outputs the reconstructed
phase, ?. Finally, the output is compared with the ground truth phaseusing a user-chosen loss functidf, (pink box). The inset into a single (h)
iteration (light blue box) shows each iteration’s three steps: acceleration update, gradient update, and proximal update.

product operatormy is a geometric constraint mask for theC. Gradient Update

th H
k™ measurement, an@ is the null vector. The gradient of the loss function (EQ] 8) with respect to

The non-negativity constraint (Eg} 9) prevents non-physictéile design parameters has contributions at every layer of
solutions by enforcing the brightness of each LED to be greatée unrolled network through both the measurement terms,
than or equal to zero. This is enforced by projecting thg,, and the phase WOTF term4,, for each measurement
parameters onto the set of non-negative real numbers. The f 1:::K g. Here, we outline our algorithm for updating the
scale constraint (Ef]. 10) enforces that each coded-illuminatiooded-illumination design weights via a two-step procedure:
design must have weights with sum equal to 1, in order to elirbackpropagating the error from layer-to-layer and computing
inate arbitrary scalings of the same design. This is enforced &égch layer’s gradient contribution. For simplicity, we outline
scaling the parameters for each measurement such that ttiedr gradient update for only a single training exampleas
sum is one. The geometric constraint (Eq. 11) enforces that the gradient for all the training examples is the sum of their
coded-illumination designs do not use conjugate-symmetiidividual gradients.

LED pairs to illuminate the sample within the same measure-Unlike pure gradient descent, where each iteration’s esti-
ment, since these would also result in degenerate solutignate only depends on the previous’, accelerated methods like
(e.g. two symmetric LEDs produce opposite phase contraatg. I linearly combine the previous two iteration’s estimates
measurements that would cancel each other out). To prevenimprove convergence. As a consequence, backpropagating
this, we force the source patterns for each measurementeteor from layer-to-layer requires contributions from two suc-
reside within only one of the major semi-circle sets (¢op, cessive layers. Specically, we compute the error at Nill
bottom, left, right). This constraint is enforced by setting thiayers with the recursive relation,

LED brightnesses outside the allowed semi-circle to zero.

We solve Eq[ B iteratively via accelerated projected gradient @ a” @ @J(n) @
descent (Alg[R). At each iteration, the coded-illumination L= !
: : : . n2) 0 @ @m 5O

design for each measurement is updated with the analytical @ @ @

gradient, projected onto the constraints (denoted Bgy) @n) @o @J(n 1) @
and updated again with a contribution from the previous 7 o o = '1) : (14)
iteration (weighted by ®)). B() enforces the constraints in @ @ @ @

he following order: non-n ivi metric, an le. . . . . .
the following order: non-negativity, geometric, and scale where each partial gradient constitutes a single step in[Alg. 1

(fully derived in the supplement).

Algorithm 2 Physics-based Learned Design Algorithm With the backpropagated error at each layer, we compute
1: procedure PBLD((Y|; OLo:C; :T) the gradient of the loss function with respectQoas,

2: for t 21 0::Tg do . Gradient descent loop
3: for 1 2f 1::Lg do 5 Training data loop X -
4: n R (Yic)k,) P rcki(C)= ] Q™ (15)
5 G, BackPropagation(y) n=0
6: end for p for which,
7: ctb B (CO L L G)
s: C 1) O ctD +(1 OHycwo
()
9:  end for QM = 7)6 (@\Em @\EAkS(nl) )@’ @ .
10:  return (M K. @& @ @ H™’
11: end procedure (16)
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Here, @)(”) @™  backpropagates the error through th@hase reconstruction. In our results, we set the parameters of
our reconstruction algorithm (Ald.] 1) to have a xed CPU
time by xing the number of iterations al = 40 and the
step size to =0:2 (see supplement for parameter analysis).
.Waddition, the regularization terni® (), has been de ned

material. In Alg['3, we unite these two steps to form a recursi ‘ o
. oLy T ) ) #f‘enerally (e.g1 penalty, total variation (TV) penalty [48],
algorithm which ef ciently computes the analytic gradient f M3D [49]). Here, we choose to enforce TV-based sparsity:

proximal operator and other partials with respecCiaelate
the backpropagated error at each layer to the chang€s in

0
. - . B
a single training example. Alternatively, general purpose auto-
differentiation included in learning libraries (e.@yTorch, X
TensorFlow) can be used to perform the gradient updates. P( )= kD;i Kki; a7

Algorithm 3 Gradient Update for Single Training Example where =1e2 is set to trade off the TV cost with the data

1: procedure BACKPROPAGATION(BP)(rN)) consistency cost anB; is the rst-order difference operator

2: for n 2 f N:::0g do along thei™ image dimension. We efciently implement

3: b L P the proximal operator of Eq. 117 in closed form via parallel

4 vl E:l AFAObM proximal method|[43],/[50], [51] (details in supplement).

5: r(n1) Oym (1 (4D )y (e

6: QMW Ezl(@&pk Léfks(“l) Yo® A, Learning

7 end forp N o To train our coded-illumination design parameters using
8 return 5 Q Alg. [2, we generate a dataset of 100 examples (90 for training,
9: end procedure 10 for testing). Each example contains ground truth phase

from a small region (95 95pixels) of a larger image arb
simulated single LED measurements (using[Bq. 1). The LEDs
are uniformly spaced within a circle such that each single-
LED intensity measurement is a brighteld measurement.
The physical system parameters used to generate the phase
WOTFs and simulate the training data measurements are

= 0:532 m, pixel pitch = 6:5m, magni cation = 20,
andNA,; = 0:25. To train, we use , cost between recon-
structed phase and ground truth phase as our loss function and
approximate the full gradient of Ef] 8 with a batch gradient
from random batches 0f0% of the training pairs at each
iteration. We use a learning rate of= 1e? (training and
testing convergence curves are provided in the supplement).
The training is performed on a multi-core CPU (Dual-socket
Intel Xeonfi E5 Processor @ 2.1GHz witB4 cores and
504GB of RAM) and batch updates are computed in parallel
with each training example on a single core. Each batch update
takes 6 seconds. 200 updates are performed, resulting in a
total training time of 20 minutes.

(a) Traditional gDPC

B. Analysis

Traditional gDPC uses 4 measurements to adequately cover
frequency space. Our learned designs are more ef cient and
may require fewer measurements; hence, we show learned
designs for the cases of 4, 3 and 2 measurements. The designs
Fig. 3. Coded-illumination designs and their corresponding phase weak obj@ad their corresponding phase WOTFs are shown i“Eig- 3.
transfer functions (WOTFs) for: (a) Traditional qDPC and (b) learned designs Comparing our learned designs with previous work, Flg. 4
for the case where 4, 3, or 2 measurements are allowed for each pf’@h@ws the phase reconstruction for a Sing|e simulated test ex-

reconstruction. The illumination source patterns are in the upper left corne .
with gray semi-circles denoting where the LEDs are constrained to be offé.%hple using 4, 3 and 2 measurements. The ground truth phase

is compared with the phase reconstructed using traditional
qDPC designs [21], annular illumination desighs|[21], condi-
tion number optimized designs [52], A-optimal designs| [53],
and our physics-based learned designs. Table | reports the peak

Our proposed method learns the coded-illumination desi@NR (PSNR) statistics (mean and standard deviation) for the
for a given reconstruction and training set (Hig. 3b), yet uphase reconstructions froR evaluated on our set of testing

to this point we have not detailed speci c parameters of o@xamples. Our learned designs give signi cant improvement

(b) Physics-based Learned Design

IV. RESULTS

2333-9403 (c) 2018 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TC1.2019.2905434, IEEE
Transactions on Computational Imaging

JOURNAL OF ETEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 6

Ground Truth Traditional Annular Condition A-Optimal Physics-based
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Fig. 4. Phase reconstruction results using simulated measurements with different coded-illumination designs. We compare results from: traditional gDPC
(half-circles), annular illumination, condition number optimization, A-optimal design, and our proposed physics-based learned designs. We show results for
the cases of (a) four, (b) three, and (c) two measurements allowed for each phase reconstruction. Absolute error maps are shown below each reconstruction

TABLE |
PSNR ResuULTS. AVERAGE AND STANDARD DEVIATION PSNR ©B) OF PHASE RECONSTRUCTIONS FROM THE SIMULATED TESTING EXAMPLES USING
DIFFERENT ILLUMINATION SCHEMES AND DIFFERENT NUMBERS OF MEASUREMENTSFACTOR FORMAT. MEAN ~ STD.

# Meas. Random Traditional Annular Cond. Number| A-optimal Physics-based
lllumination gDPC lllumination Optimization Design Learned Design

4 1230 212 | 15,67 219 | 2040 209 | 20.37 241 | 1794 254 | 2846 250

3 12.33 212 | 1528 2.18 | 2044 2.26 | 19.33 2.03 | 18.05 2.59 28.04 259

2 1225 212 | 1487 223 | 2021 224 | 17.19 2.28 | 18.08 2.64 23.73 2.8

over other designs, recovering both the high and low fre- TABLE |l

quencies more accurately. The reduction in performance fg?SNR RESULTS AVERAGE AND STANDARD DEVIATION PSNR 6B) oF
ASE RECONSTRUCTIONS FROM THE SIMULATED TESTING EXAMPLES

Iearned deSIQn Wlth 2 measurements (a.S Compared to3 andP SING LEARNED DESIGN FOR DIFFERENT NUMBERS OF UNROLLED

measurements) is due to reduced sensitivity to low frequencies. ITERATIONS. FACTOR FORMAT. MEAN ~ STD.
Comparing varying depth networks, in Taljl¢ Il we repor 7 of

the PSNR statistics for the phase reconstructions fl®m | unrolled iterations 10 40 100

evaluated on the set of testing examples using learned desigiéean  Std. (dB) || 22.53 229 | 2848 2.50 | 27.39 1.92

for networks with10,40, and10Ounrolled iterations with xed
step size, = 0:2, and regularization parameter,= le 3 .
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Fig. 5. USAF phase target reconstructions: Experimental comparison between phase results with (a) Fourier Ptychography (FP) using 69 images, (b) traditional
gDPC and (c) learned designs, for the case of 4, 3, and 2 measurements. Error maps show the difference from the FP reconstruction. (d) Cross-sections shov
that phase from our learned designs (long-dashed red) is closer to that of FP (solid blue) than traditional gDPC (short-dashed green).

4 measurements 3 measurements 2 measurements
Phase Error Phase Error Phase Error

69 Measurements
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Fig. 6. 3T3 mouse broblast cells reconstructions: Experimental comparison between phase results with (a) Fourier Ptychography (FP) using 69 measurements,
(b) traditional gDPC and (c) learned designs, for the case of 4, 3, and 2 measurements. Error maps show the difference from the FP reconstruction. (d) Cross-
sections show that phase from our learned designs (long-dashed red) is closer to that of FP (solid blue) than traditional gDPC (short-dashed green).

If too few iterations are unrolled, the network cannot fullsamples: a USAF phase target (Benchmark Technologies)
reconstruct the phase, resulting in lower mean PSNR. As maned xed 3T3 mouse broblast cells (prepared as detailed in
iterations are unrolled, the regularization biases the solutittbe supplement). In order to validate our method, we com-
and slightly reduces the mean PSNR. pare results against phase experimentally estimated via pupil-
corrected Fourier Ptychography (FP) [13], [44], [54] with
equivalent resolution. FP is expected to have good accuracy,
since it uses signi cantly more measurements (69 single-LED
To demonstrate that our learned designs generalize wellnreasurements) and a non-linear reconstruction process.

the experimental setting, we implement our method on an LEDUsing the USAF target, we compare phase reconstructions
array microscope. A commercial Nikon TE300 microscope fsom FP with traditional gDPC and our learned design mea-
equipped with a custom quasi-Dome [16] illumination systesurements (Fig. 5). Traditional gDPC reconstructions consis-
(581 programmable RGB LEDs:g = 625 nm, g = 532 tently under-estimate the phase values. However, phase recon-
nm, g =450 nm) and a PCO.edge 5.5 monochrome cames#ructions using our learned design measurements are similar
(2560 2160, 6:5m pixel pitch, 16 bit). We image two to phase estimated with FP. As the number of measurements is

C. Experimental Validation
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