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Fig. 1: Lens-free Digital Inline Holography Microscope (DIHM): (left) Our prototype;
(right) schematic of the system.

1 DIHM Hardware Setup

Our prototype is depicted in Fig. [T} we use a narrow-band, wide-range tunable
laser light source (a NKT Photonics SuperK laser) combined with a Laser Line
Tunable Filter (LLTF) device to emit coherent light in the visible range (1-2.5 nm
bandwidth). The illumination is directed from the tip of a single-mode fiber, and
a detector-filling light cone is achieved by maintaining an illumination-to-object
distance of over 200 mm. Our detector is a CMOS sensor (Sony IMX219) with
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Fig. 2: Shallow residual network.

1.12 pum pixel size. To ensure near-field conditions, where the Fresnel approxi-
mation is valid, the object-detector distance is kept below 1 mm. Multi-height
acquisition is performed by moving the object in the axial direction using a piezo
motor linear stage (CONEX-SAG-LS48P) with a step size of 10 pum, capturing a
set of 10 holograms. Using a 2D piezo motor linear stage, such as the CONEX-
SAG-LS48P, we can move the object laterally and anteriorly /posteriorly to cap-
ture a series of sub-pixel shifted holograms, enabling spatial super-resolution.

2 CNN Architecture for Complex Number Data

Complex CNNs [4] are suitable to learn correlations in the complex domain
where the inputs as well as the learned weights are in C. Let X 2 C be a complex
transmission field expressed as a+ib, and w 2 C a complex learnable convolution
kernel expressed as wr +iw;. A complex convolution operation can therefore be
seen as a combination of four different real ones:

w X=(wr+iw) (a+ib)
=(wr a w b)+ilwr b+w a)

(1)

The shallow residual network used in this work is depicted in Fig. 2] It has 5
convolutional layers, each with 64 learnable filters followed by a LeakyRELU
activation layer except for the last one that is followed by a Sigmoid activation
layer. The residual connection prompts the network to perform image enhance-
ment, as shown in Fig. [3] where the output is just a sharper version of the input
image. Recall that the output of such network serves as an initial guess to the
unrolled network based on the ADMM solver that is the next step.

3 Further Ablation Experiments

We conduct further ablation experiments to highlight our model’s interpretabil-
ity, the choice of the prior network, of the loss function, and to assess the ro-
bustness to a low number of input holograms and to the change of the refocusing
distance.
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3.1 Learned ADMM Hyper-Parameters

Fig.[dshows the evolution of the learned hyper-parameters « and p. The learning
rate a starts by slightly increasing and then decreases as the training progresses.
This is expected and makes sense from an optimization point of view: at the
start of the training the initial guess is usually sub-optimal, thus the gradient
descent steps need to have a higher learning rate to reach a lower minima and
to possibly avoid stagnation, as the training progresses the network learns to
reconstruct better images and the gradient descent step in this case marginally
improves upon the initial guess, so the learning rate has to be lower as shown by
the curve in Fig. [ on the left. The Lagrange multiplier p is a penalty term and
it weights the constraint in Eq. 5 of the paper (v x = 0). The curve shown in
Fig. [ on the right shows the learned initial value for p, note that the network
gradually opts for lower starting values for this parameter. Notice also that inside
each step, p starts from the value in the curve and is then increased following
a given schedule [1] as the number of ADMM iterations increases (we exploited
a linear increase scheme by multiplying p by 1.1 at each ADMM iteration). In
this way, at the end of the optimization iterations the estimate x would be as
close as possible to the auxiliary variable v.

3.2 Prior Architecture

We tested HoloADMM with different prior architectures, namely a UNET ,
a ResUNET , and a ResUNET++ @I Quantitative results are reported
in Tab. [} All three architectures achieve competitive results with respect to
other approaches from the literature reported in Tab. 1 of the paper given the
fact that the input is down-sampled by a factor 4. This performance indi-
cate that information flow within HoloADMM leads to better reconstruction
performance regardless of the prior architecture. Notice that priors with resid-
ual connections (ResUNET) and attention modules (ResUNET++-) outperform
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Fig. 3: Input and output images (from a real beads hologram) of the shallow complex
CNN. The network learned to enhance image quality by producing sharper details.
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Fig. 4: The evolution of the learning rate used in Eq. 10 and the scaled Lagrange
multiplier in Eq. 6.

the simple UNET architecture. A larger model size also leads to better quan-
titative results such as the case of ResUNET (13M) against UNET (8M) and
ResUNET++(6M). We opted for a ResUNET architecture as our prior because
ResUNET++ is slower due to the attention modules that also impose an upper-
bound on the network size given the available GPU memory.

Table 1: Quantitative results on D;j using different prior architectures with a spatial
super-resolution factor 4.

Prior Network  [Size (M)| RMSE# PSNR" SSIM™

‘ A ‘ A A
UNET |11] 8 4.33 7.85|24.008 21.350|0.719 0.670
ResUNET++ [6] 6 3.96 7.24|24.386 21.685|0.741 0.693
ResUNET |[14] 13 2.46 4.59|26.544 23.764|0.806 0.769

3.3 Loss Function

We trained HoloADMM using the Mean Absolute Error (MAE) and Mean
Squared Error (MSE) loss functions and also a combination of MSE and per-
ceptual loss (VGG loss) |7]. Results are reported in Tab. [2l The model performs
well with the MSE loss function while MAE introduces high frequency artifacts
and leads to overall lower quantitative metrics, the combination of MSE and a
perceptual loss function does not lead to any noticeable improvement as well.
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Table 2: Quantitative results on D; using di erent loss functions with a spatial super-
resolution factor 4.

Loss Function| RMSE# PSNR" SSImM*

A A ‘ A
MAE 3.65 6.27|24.756 22.029 0.755 0.711
MSE+VGG 3.55 6.48|24.859 22.177/0.760 0.716
MSE 2.46 4.59 |26.544 23.764 |0.806 0.769

3.4 Robustness

HoloADMM s designed to work best with a stack (N > 1) of input holograms
which enable multi-frame image super-resolution via alignment and registration.
Yet, with a single hologram as input, the model is still able to produce accept-
able results on real data as shown in Fig. 5. Compared to other model-based
snapshot solvers shown in Fig. 9 in the paper, it is also possible to see that with
larger number of input holograms, results get better and undesirable di raction
artifacts are gradually suppressed.

Fig. 6 shows the reconstructed phase and amplitude images using real samples
from [3] captured at a distance of 5.5 mm from the sensor well beyond the
refocusing range used to train HOloADMM (0.5 mm to 1 mm). Our model is able
to reconstruct both amplitude and high contrast phase images from a single input
hologram with a very large refocusing distance. Artifacts in the reconstructed
images are mainly due to the lack of input information in this case whereN = 1.

It is interesting to quantify robustness to inaccuracies in the refocus distance
during inference: although the piezo actuators are very accurate (25nm), issues
may arise from the estimation algorithm (we use gradient sparsity as a refocus
metric). Fig. 7 shows the model accuracy (i.e., the PSNR of the reconstructed
phase) with a fairly high z value deviation starting from 2z = 20 m: the
model preserves a good PSNR. Note that we did not observe any large deviation
across di erent sample types.

Fig.5: Reconstruction quality with increased number of input holograms (N).
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Fig. 6: Reconstructed phase and amplitude distributions from a single input hologram
of real samples from [3] captured with an extended object-detector distance of 5.5 mm.

Fig. 7. Reconstruction quality in terms of PSNR with inaccurate estimates of the
refocusing distance.
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