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Abstract: Among holographic imaging configurations, inline holography excels in its compact
design and portability, making it the preferred choice for on-site or field applications with
unique imaging requirements. However, effectively holographic reconstruction from a single-shot
measurement remains a challenge. While several approaches have been proposed, our novel
unsupervised algorithm, the physics-aware diffusion model for digital holographic reconstruction
(PadDH), offers distinct advantages. By seamlessly integrating physical information with a
pre-trained diffusion model, PadDH overcomes the need for a holographic training dataset and
significantly reduces the number of parameters involved. Through comprehensive experiments
using both synthetic and experimental data, we validate the capabilities of PadDH in reducing
twin-image contamination and generating high-quality reconstructions. Our work represents
significant advancements in unsupervised holographic imaging by harnessing the full potential
of the pre-trained diffusion prior.
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1. Introduction

Holographic imaging enables wavefront reconstruction from recorded interference patterns [1],
revolutionizing biomedical, physical sciences, and engineering applications [2–4]. Compared
to other holographic imaging system configurations, the inline digital holography stands out
for its compactness and portability, making it ideal for unique imaging requirements in on-site
or field applications [5–9]. It records a hologram denoted as y(a, b) at position (a, b) on the
sensor plane through interference between the unscattered plane reference wave ur(a, b) and the
object-scattered wave uo(a, b). Mathematically, this is expressed as

y(a, b) = |uo(a, b) + ur(a, b)|2,

= |uo(a, b)|2 + |ur(a, b)|2 + u∗r (a, b)uo(a, b) + ur(a, b)u∗o(a, b),
(1)

where (·)∗ denotes the complex conjugation. To simplify the notation and streamline the equations,
we adopt a dropout of the lateral coordinates (a, b) by representing the 2D matrix as bold symbols
throughout the manuscript. In the conventional reconstruction using back-propagation (BP), due
to the absence of phase information in holograms obtained through intensity-only measurements,
the interchangeability of the two interfering terms uo and u∗o creates the undesirable twin-image
artifact. It appears as an out-of-focus conjugate at the virtual image plane and degrades the quality
of the reconstruction. Some attempts have been made by iteratively propagating between diverse
hologram planes to retrieve the missing phase [10–13]. However, these approaches require an
efficient collection of several holograms under distinct set-ups, effectively negating the primary
advantages of inline holography. Hence, it is crucial to employ more advanced reconstruction
algorithms for the single-shot reconstruction, in order to maintain the competitiveness of inline
digital holography despite its simpler setup.

In this study, we formulate the reconstruction problem as an inverse problem, where the
object field is sought inversely to explain the observed hologram. If we consider an object
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with transmittance x placed in front of the imaging plane at a distance z, the scattered object
wave is described using a convolution operation as uo = hz ⊗ x. Here, hz represents the
free-space propagation kernel and is defined using the Fresnel approximation [1]. Specifically,
hz(a, b) = 1

jλze
j 2π
λ ej π

λz (a2+b2) at position (a, b) in the lateral dimensions, with λ denoting the
incident wavelength. For the weakly scattering objects, by setting ur = 1 without loss of
generality [14], the forward imaging model in Eq. (1) can be reformulated as

y = 2Re
{︁
hz ⊗ x

}︁
+ n def

= T(x) + n. (2)

Here, to simplify the notation, T(·) denotes the transformation that maps the object field to the
hologram intensity. A Gaussian noise term n ∼ N(0, γ2I) with variance γ2 is introduced to
account for uncertainties in the physical model including the zero-order frequency terms, sensor
thermal noise, optical imperfections, and system misalignment.

For single-shot hologram reconstruction, supervised learning techniques have demonstrated
competitive performance by directly mapping recorded holograms to object information [15–21].
However, the effectiveness of these techniques in holographic imaging, particularly in the
investigation of biological samples, is hindered by the requirement of a large paired dataset during
the training phase. In contrast, unsupervised methods have been investigated, which employ
an iterative procedure between the measured and estimated planes while incorporating a priori
constraints [22–26].

For example, Zhang et al. [22] incorporate an explicit prior, i.e., the total variation (TV) regu-
larization during the reconstruction, to enforce the sparsity. However, such an approach requires
handcrafted image priors and careful parameter tuning to achieve the desired reconstruction
performance. On the other hand, untrained neural network priors (UNNPs) [27] offer distinct
advantages by learning implicit prior information directly from the data. This allows for a more
adaptable and flexible approach, as UNNPs can effectively combine this learned knowledge with
the inherent physics information. Methods like PhysenNet [24] and DeepDIH [25] combine
UNNPs with the physics of holography to minimize the reliance on extensive labeled data,
enabling the single-shot reconstruction. Galande et al. [26] adopt UNNPs empowered with
regularization by denoising to mitigate the issue of overfitting the interference-related noise in
single-shot measurements. While effective, these methods use randomly initialized convolutional
neural networks (CNNs) weights to parameterize the restored image, resulting in a large number
of optimization steps due to the complex network architecture and numerous parameters.

Diffusion models are powerful emerging generative models known for capturing complex
data distributions and generating high-fidelity samples from noise vectors [28–34]. The rich
image priors encompassed in pre-trained diffusion models have shown impressive performance
in various vision task [33,34]. However, the potential of diffusion models in digital holography
reconstruction has yet to be explored.

In this study, we present the physics-aware diffusion model (PadDH), as a novel approach
for unsupervised holographic reconstruction from a single-shot measurement. It leverages the
interplay between the physical model and the generative process of the well-trained diffusion
model. By incorporating gradient correction and specified initialization, our approach does
not require a holographic training dataset, yet it robustly suppresses twin-image noise and
accurately reconstructs object information from a single-shot hologram. To the best of our
knowledge, this work is the first to explore physics-aware diffusion models in the context of
holographic imaging. We compare PadDH with state-of-the-art unsupervised methods that utilize
handcrafted priors (i.e., CS [22]) and implicit priors (i.e., DeepDIH [25]) on both synthetic
and experimental holographic samples. The results demonstrate the superiority of PadDH in
holographic reconstruction, showcasing higher quality results and faster convergence due to the
involvement of fewer parameters.
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2. Related work on diffusion models

Denoising diffusion models apply diffusion steps to add random noise to data and then learn the
reverse process to remove the noise and generate the data samples iteratively. Specifically, a
Markov chain is firstly designed to transform any given data distribution q(x0) into a simpler prior
distribution, typically a standard Gaussian, during the diffusion process. This is represented as
x0 ↦→ x1 ↦→ · · · ↦→ xT−1 ↦→ xT , where small amounts of Gaussian noise is gradually introduced at
each step. By the chain rule and the Markov property, a fixed and factorized posterior distribution
can be obtained:

q (x1:T | x0) =
T∏︂

t=1
q(t) (xt | xt−1) , (3)

q(t) (xt | xt−1) = N
(︂
xt;

√︁
1 − βtxt−1, βtI

)︂
, (4)

where {βt ∈ (0, 1)}Tt=1 is the variance schedule chosen ahead of model training. To generate new
data samples, diffusion models follow a process where they initially sample xT from a prior
distribution p(xT ). Subsequently, they iteratively sample xt−1 from the learned Markov chain in
the reverse direction. This generative process has a joint distribution defined as

pθ (x0:T ) = p(xT )
T∏︂

t=1
p(t)θ (xt−1 |xt), (5)

where p(t)θ (xt−1 | xt) is a learned transition kernel with parameters θ. The training objective
is to optimize the log-likelihood log pθ (x0:T ). This is achieved by minimizing the negative
log-likelihood through the utilization of the variational lower bound, which is further simplified
into the following loss function

L (θ) = Ex0,t,ϵt ,σt

[︁ ∥ϵ θ (xt, t) − ϵ t∥22 + ∥σθ (xt, t) − σt∥22
]︁
, (6)

where ϵ θ (xt, t) and σθ (xt, t) are the output from the trained diffusion network with the noisy xt
and step t as input. Here, the ϵ t and σt stands for the parameterization of the added noise term at
step t.

After training, the diffusion model recovers x0 by first sampling xT from the prior distribution
pθ (xT ), and then iteratively restoring xt−1 from the learned transition distribution p(t)θ (xt−1 | xt)
until reaching x0 via

xt−1 =
√
ᾱt−1x̂0 +

√︁
1 − ᾱt−1ϵ θ (xt, t) + σ2

θ (xt, t) δ, (7)

where δ ∼ N(0, I) is the standard Gaussian noise. Here, x̂0 is the posterior mean of x0 which is
approximated as

x̂0 ≃ 1√︁
ᾱ(t)

(︂
xt +

√︁
1 − ᾱtϵ θ (xt, t)

)︂
. (8)

The detailed derivations are provided in Appendix A. In light of this, diffusion models excel at
capturing intricate data distributions. With a pre-trained diffusion model and employing equations
Eq. (7) and Eq. (8), it becomes possible to generate high-fidelity samples from an unstructured
noise vector, showcasing impressive unconditional generative modeling performance on images
[30–34].
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3. Physics-aware diffusion model

In this study, we use the rich neural image prior embedded in an ImageNet-pretrained denoising
diffusion probabilistic model (DDPM) [29], considering its diverse and versatile characteristics
in the context of different image generation tasks [32–34], and extend its application to the
field of holographic imaging. However, this is not straightforward for two main reasons: a)
digital inline holographic reconstruction inherently involves a nonlinear inverse problem, and
b) the unconditional stochastic sampling step does not provide a means to match the actual
measurement. To overcome these challenges, we introduce modifications to the conventional
sampling process of DDPM [29] by incorporating gradient correction and specified initialization,
which are summarized in Algorithm 1 and visually depicted in Fig. 1. Given that the diffusion
priors are pre-trained on a diverse range of natural images, such as ImageNet [35], they inherently
impose a real-value constraint. As a result, we constrain the transmittance of our samples to real
values within the physical model, with a primary focus on recovering the intensity response of
the object. However, we recognize the significance of the phase information as it carries crucial
details about the object. In light of this, we explore the potential adaptation of our proposed
framework for phase map reconstruction of phase-only objects, which is further discussed in
Section 5.

⋯ ⋯<latexit sha1_base64="Dm6V4ZPdJchAKL+vOXRs4PGPD0g=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV+oLOUDJppg3NJEOSEcvQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+SECWfauO63U1pb39jcKm9Xdnb39g+qh0cdLVNFaJtILlUvxJpyJmjbMMNpL1EUxyGn3XByl/vdR6o0k6JlpgkNYjwSLGIEGyv5fozNOIyyp9mgNajW3Lo7B1olXkFqUKA5qH75Q0nSmApDONa677mJCTKsDCOczip+qmmCyQSPaN9SgWOqg2yeeYbOrDJEkVT2CYPm6u+NDMdaT+PQTuYZ9bKXi/95/dREN0HGRJIaKsjiUJRyZCTKC0BDpigxfGoJJorZrIiMscLE2JoqtgRv+curpHNR967q7sNlrXFb1FGGEziFc/DgGhpwD01oA4EEnuEV3pzUeXHenY/FaMkpdo7hD5zPH2ESkeg=</latexit>xT
<latexit sha1_base64="ij9iYQhOOStDRDnkRmSuyJ1U/ms=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHcWBIRdVl047KCfUAbwmQ6aYdOJmFmUiwhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7Tjf1srq2vrGZmWrur2zu7dvHxy2VZxKQlsk5rHsBlhRzgRtaaY57SaS4ijgtBOM7wq/M6FSsVg86mlCvQgPBQsZwdpIvm33I6xHQZg95X6mz93ct2tO3ZkBLRO3JDUo0fTtr/4gJmlEhSYcK9VznUR7GZaaEU7zaj9VNMFkjIe0Z6jAEVVeNkueo1OjDFAYS/OERjP190aGI6WmUWAmi5xq0SvE/7xeqsMbL2MiSTUVZH4oTDnSMSpqQAMmKdF8aggmkpmsiIywxESbsqqmBHfxy8ukfVF3r+rOw2WtcVvWUYFjOIEzcOEaGnAPTWgBgQk8wyu8WZn1Yr1bH/PRFavcOYI/sD5/ALomk7c=</latexit>xt�1

<latexit sha1_base64="HASh7Pxx4+iwm4tdGHud8udER1A=">AAAB9XicbVDLSsNAFL3xWeur6tJNsAiuSiKiLotuXFawD2hjmUwn7dDJJMzcqCXkP9y4UMSt/+LOv3HSZqGtBwYO59zLPXP8WHCNjvNtLS2vrK6tlzbKm1vbO7uVvf2WjhJFWZNGIlIdn2gmuGRN5ChYJ1aMhL5gbX98nfvtB6Y0j+QdTmLmhWQoecApQSPd90KCIz9In7J+ilm/UnVqzhT2InELUoUCjX7lqzeIaBIyiVQQrbuuE6OXEoWcCpaVe4lmMaFjMmRdQyUJmfbSaerMPjbKwA4iZZ5Ee6r+3khJqPUk9M1knlLPe7n4n9dNMLj0Ui7jBJmks0NBImyM7LwCe8AVoygmhhCquMlq0xFRhKIpqmxKcOe/vEhapzX3vObcnlXrV0UdJTiEIzgBFy6gDjfQgCZQUPAMr/BmPVov1rv1MRtdsoqdA/gD6/MHXiqTFA==</latexit>xt
<latexit sha1_base64="vAnpmFDJ2UFhdxYuyTp2yAUtfH8=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclYyIuiy6cVnBPqAdSybNtKGZzJBk1DLMf7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WHBtMP52lpZXVtfWSxvlza3tnd3K3n5LR4mirEkjEamOTzQTXLKm4UawTqwYCX3B2v74OvfbD0xpHsk7M4mZF5Kh5AGnxFjpvhcSM/KD9CnrpzjrV6q4hqdAi8QtSBUKNPqVr94goknIpKGCaN11cWy8lCjDqWBZuZdoFhM6JkPWtVSSkGkvnabO0LFVBiiIlH3SoKn6eyMlodaT0LeTeUo97+Xif143McGll3IZJ4ZJOjsUJAKZCOUVoAFXjBoxsYRQxW1WREdEEWpsUWVbgjv/5UXSOq255zV8e1atXxV1lOAQjuAEXLiAOtxAA5pAQcEzvMKb8+i8OO/Ox2x0ySl2DuAPnM8f9seS0A==</latexit>x0

<latexit sha1_base64="wPlh2bsowQALfhzjAZRaVHTNIzA=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIqMeiF48VbC22oWy2m3bpZhN2X4QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8MS1EbG6x0nC/YgOlQgFo2ilx15EcRSE2WTar9bcujsDWSZeQWpQoNmvfvUGMUsjrpBJakzXcxP0M6pRMMmnlV5qeELZmA5511JFI278bJZ4Sk6sMiBhrO1TSGbq742MRsZMosBO5gnNopeL/3ndFMMrPxMqSZErNv8oTCXBmOTnk4HQnKGcWEKZFjYrYSOqKUNbUsWW4C2evEzaZ3Xvou7endca10UdZTiCYzgFDy6hAbfQhBYwUPAMr/DmGOfFeXc+5qMlp9g5hD9wPn8AAHORIg==</latexit>y

<latexit sha1_base64="X5BwgtbGEkcwxfWgzL1puPNoYL4=">AAACGnicbVDLSsNAFJ3UV62vqEs3wSK0C0sioi6LblxWsA9oYphMJ+3QyYOZG7HEfIcbf8WNC0XciRv/xmmbhW09cOFwzr3ce48XcybBNH+0wtLyyupacb20sbm1vaPv7rVklAhCmyTikeh4WFLOQtoEBpx2YkFx4HHa9oZXY799T4VkUXgLo5g6Ae6HzGcEg5Jc3Yrd1IYBBZzdpRWoZhU7wDDw/PQhc1M4trLHGSGrunrZrJkTGIvEykkZ5Wi4+pfdi0gS0BAIx1J2LTMGJ8UCGOE0K9mJpDEmQ9ynXUVDHFDppJPXMuNIKT3Dj4SqEIyJ+ncixYGUo8BTneMz5bw3Fv/zugn4F07KwjgBGpLpIj/hBkTGOCejxwQlwEeKYCKYutUgAywwAZVmSYVgzb+8SFonNeusZt6cluuXeRxFdIAOUQVZ6BzV0TVqoCYi6Am9oDf0rj1rr9qH9jltLWj5zD6agfb9Cx1xois=</latexit>

p
(t)
✓ (xt�1|xt)

Ancestral diffusion
PadDH

<latexit sha1_base64="ij9iYQhOOStDRDnkRmSuyJ1U/ms=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHcWBIRdVl047KCfUAbwmQ6aYdOJmFmUiwhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7Tjf1srq2vrGZmWrur2zu7dvHxy2VZxKQlsk5rHsBlhRzgRtaaY57SaS4ijgtBOM7wq/M6FSsVg86mlCvQgPBQsZwdpIvm33I6xHQZg95X6mz93ct2tO3ZkBLRO3JDUo0fTtr/4gJmlEhSYcK9VznUR7GZaaEU7zaj9VNMFkjIe0Z6jAEVVeNkueo1OjDFAYS/OERjP190aGI6WmUWAmi5xq0SvE/7xeqsMbL2MiSTUVZH4oTDnSMSpqQAMmKdF8aggmkpmsiIywxESbsqqmBHfxy8ukfVF3r+rOw2WtcVvWUYFjOIEzcOEaGnAPTWgBgQk8wyu8WZn1Yr1bH/PRFavcOYI/sD5/ALomk7c=</latexit>xt�1
<latexit sha1_base64="HASh7Pxx4+iwm4tdGHud8udER1A=">AAAB9XicbVDLSsNAFL3xWeur6tJNsAiuSiKiLotuXFawD2hjmUwn7dDJJMzcqCXkP9y4UMSt/+LOv3HSZqGtBwYO59zLPXP8WHCNjvNtLS2vrK6tlzbKm1vbO7uVvf2WjhJFWZNGIlIdn2gmuGRN5ChYJ1aMhL5gbX98nfvtB6Y0j+QdTmLmhWQoecApQSPd90KCIz9In7J+ilm/UnVqzhT2InELUoUCjX7lqzeIaBIyiVQQrbuuE6OXEoWcCpaVe4lmMaFjMmRdQyUJmfbSaerMPjbKwA4iZZ5Ee6r+3khJqPUk9M1knlLPe7n4n9dNMLj0Ui7jBJmks0NBImyM7LwCe8AVoygmhhCquMlq0xFRhKIpqmxKcOe/vEhapzX3vObcnlXrV0UdJTiEIzgBFy6gDjfQgCZQUPAMr/BmPVov1rv1MRtdsoqdA/gD6/MHXiqTFA==</latexit>xt

⊖
<latexit sha1_base64="wPlh2bsowQALfhzjAZRaVHTNIzA=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIqMeiF48VbC22oWy2m3bpZhN2X4QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8MS1EbG6x0nC/YgOlQgFo2ilx15EcRSE2WTar9bcujsDWSZeQWpQoNmvfvUGMUsjrpBJakzXcxP0M6pRMMmnlV5qeELZmA5511JFI278bJZ4Sk6sMiBhrO1TSGbq742MRsZMosBO5gnNopeL/3ndFMMrPxMqSZErNv8oTCXBmOTnk4HQnKGcWEKZFjYrYSOqKUNbUsWW4C2evEzaZ3Xvou7endca10UdZTiCYzgFDy6hAbfQhBYwUPAMr/DmGOfFeXc+5qMlp9g5hD9wPn8AAHORIg==</latexit>y

<latexit sha1_base64="F+c47AmOuDxwaSihOp+t0XKM4KM=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2ARPJVERD0WvXisYGuhCWGz3bRLN5uwuxHLEvCvePGgiFd/hzf/jZs2B20dWBhm3uPNTpgyKpXjfFuVpeWV1bXqem1jc2t7p76715VJJjDp4IQlohciSRjlpKOoYqSXCoLikJH7cHxd+PcPREia8Ds1SYkfoyGnEcVIGSmoH3gjpLQXIzUKI/2Y54F28lpQbzhNZwp7kbglaUCJdlD/8gYJzmLCFWZIyr7rpMrXSCiKGclrXiZJivAYDUnfUI5iIn09jZ/bx0YZ2FEizOPKnqq/NzSKpZzEoZkscsp5rxD/8/qZii59TXmaKcLx7FCUMVsldtGFPaCCYMUmhiAsqMlq4xESCCvTWFGCO//lRdI9bbrnTef2rNG6KuuowiEcwQm4cAEtuIE2dACDhmd4hTfryXqx3q2P2WjFKnf24Q+szx+XKpXi</latexit>

x̂0

Diffusion 
sampling ⊖

a） b）

<latexit sha1_base64="0784pjgrTrQ2FW6l4khzh93ZKho=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBHqpiQi6rLoxmWFvqAJZTKZtEMnM2FmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98wJEkaVdpxva219Y3Nru7JT3d3bPzi0j2o9JVKJSRcLJuQgQIowyklXU83IIJEExQEj/WB6V/j9RyIVFbyjZwnxYzTmNKIYaSON7JoXIz3BiGWdvOHhUOjzkV13ms4ccJW4JamDEu2R/eWFAqcx4RozpNTQdRLtZ0hqihnJq16qSILwFI3J0FCOYqL8bJ49h2dGCWEkpHlcw7n6eyNDsVKzODCTRVK17BXif94w1dGNn1GepJpwvDgUpQxqAYsiYEglwZrNDEFYUpMV4gmSCGtTV9WU4C5/eZX0LpruVdN5uKy3bss6KuAEnIIGcME1aIF70AZdgMETeAav4M3KrRfr3fpYjK5Z5c4x+APr8we8UpQ9</latexit>T (·)

<latexit sha1_base64="zNEDaLRSFAxWK7FlJKiG7VqksHU=">AAACCnicbVDLSsNAFJ34rPUVdelmtAh1UxIRdVl047JCX9CEMJlO2qGTBzMTsQxZu/FX3LhQxK1f4M6/cZJmoa0HLhzOuZd77/ETRoW0rG9jaXlldW29slHd3Nre2TX39rsiTjkmHRyzmPd9JAijEelIKhnpJ5yg0Gek509ucr93T7igcdSW04S4IRpFNKAYSS155pETIjnGiKl2VnfGSKpC8AP1kGWesrJTz6xZDasAXCR2SWqgRMszv5xhjNOQRBIzJMTAthLpKsQlxYxkVScVJEF4gkZkoGmEQiJcVbySwROtDGEQc12RhIX6e0KhUIhp6OvO/E4x7+Xif94glcGVq2iUpJJEeLYoSBmUMcxzgUPKCZZsqgnCnOpbIR4jjrDU6VV1CPb8y4uke9awLxrW3XmteV3GUQGH4BjUgQ0uQRPcghboAAwewTN4BW/Gk/FivBsfs9Ylo5w5AH9gfP4AE3KbIw==</latexit>T (x̂0)

<latexit sha1_base64="P++clasejgRH/ShQj9M6YDvdmSQ=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV+oLOUDJppg3NZEKSKZShv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJJWfauO63U9rY3NreKe9W9vYPDo+qxycdnaSK0DZJeKJ6IdaUM0HbhhlOe1JRHIecdsPJQ+53p1RploiWmUkaxHgkWMQINlby/RibcRhl0/mgNajW3Lq7AFonXkFqUKA5qH75w4SkMRWGcKx133OlCTKsDCOczit+qqnEZIJHtG+pwDHVQbbIPEcXVhmiKFH2CYMW6u+NDMdaz+LQTuYZ9aqXi/95/dREd0HGhEwNFWR5KEo5MgnKC0BDpigxfGYJJorZrIiMscLE2JoqtgRv9cvrpHNV927q7tN1rXFf1FGGMziHS/DgFhrwCE1oAwEJz/AKb07qvDjvzsdytOQUO6fwB87nD14EkeY=</latexit>vT
<latexit sha1_base64="zgdNXD77tuYyYyWf6hnQBNSRh8c=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUF+4CmlMl00g6dTMLMTaGE/oYbF4q49Wfc+TdO2iy0emDgcM693DMnSKQw6LpfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvTLk2IlaPOEt4P6IjJULBKFrJ9yOK4yDMpvMBDqo1t+4uQP4SryA1KNAcVD/9YczSiCtkkhrT89wE+xnVKJjk84qfGp5QNqEj3rNU0YibfrbIPCdnVhmSMNb2KSQL9edGRiNjZlFgJ/OMZtXLxf+8XorhTT8TKkmRK7Y8FKaSYEzyAshQaM5QziyhTAublbAx1ZShraliS/BWv/yXtC/q3lXdfbisNW6LOspwAqdwDh5cQwPuoQktYJDAE7zAq5M6z86b874cLTnFzjH8gvPxDY6EkgY=</latexit>vt

<latexit sha1_base64="LiftDsdLEb3RSx4/YMCtXzoMGM8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgxpKIqMuiG5cV7APaECbTSTt0Mgkzk0IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tipr6xubW9Xt2s7u3v6BfXjUUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wuS/87pRKxWLxpGcJ9SI8EixkBGsj+bY9iLAeB2E2zf1MX7i5b9edhjMHWiVuSepQouXbX4NhTNKICk04VqrvOon2Miw1I5zmtUGqaILJBI9o31CBI6q8bJ48R2dGGaIwluYJjebq740MR0rNosBMFjnVsleI/3n9VIe3XsZEkmoqyOJQmHKkY1TUgIZMUqL5zBBMJDNZERljiYk2ZdVMCe7yl1dJ57LhXjecx6t6866sowoncArn4MINNOEBWtAGAlN4hld4szLrxXq3PhajFavcOYY/sD5/ALcQk7U=</latexit>vt�1
<latexit sha1_base64="+AOJx36M6nhZoRbnqwJezykTmIc=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclYyIuiy6cVnBPqAdSybNtKGZzJBkKmWY/3DjQhG3/os7/8ZMOwttPRA4nHMv9+T4seDaYPztrKyurW9slrbK2zu7e/uVg8OWjhJFWZNGIlIdn2gmuGRNw41gnVgxEvqCtf3xbe63J0xpHskHM42ZF5Kh5AGnxFjpsRcSM/KDdJL1U5z1K1VcwzOgZeIWpAoFGv3KV28Q0SRk0lBBtO66ODZeSpThVLCs3Es0iwkdkyHrWipJyLSXzlJn6NQqAxREyj5p0Ez9vZGSUOtp6NvJPKVe9HLxP6+bmODaS7mME8MknR8KEoFMhPIK0IArRo2YWkKo4jYroiOiCDW2qLItwV388jJpndfcyxq+v6jWb4o6SnAMJ3AGLlxBHe6gAU2goOAZXuHNeXJenHfnYz664hQ7R/AHzucP87WSzg==</latexit>v0

<latexit sha1_base64="zgdNXD77tuYyYyWf6hnQBNSRh8c=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUF+4CmlMl00g6dTMLMTaGE/oYbF4q49Wfc+TdO2iy0emDgcM693DMnSKQw6LpfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvTLk2IlaPOEt4P6IjJULBKFrJ9yOK4yDMpvMBDqo1t+4uQP4SryA1KNAcVD/9YczSiCtkkhrT89wE+xnVKJjk84qfGp5QNqEj3rNU0YibfrbIPCdnVhmSMNb2KSQL9edGRiNjZlFgJ/OMZtXLxf+8XorhTT8TKkmRK7Y8FKaSYEzyAshQaM5QziyhTAublbAx1ZShraliS/BWv/yXtC/q3lXdfbisNW6LOspwAqdwDh5cQwPuoQktYJDAE7zAq5M6z86b874cLTnFzjH8gvPxDY6EkgY=</latexit>vt

<latexit sha1_base64="e5gsflq9ucKxrZ2Y5q4sJiFzpLY=">AAACAHicbVBNS8NAEN34WetX1IMHL4tF8FQSEfVY9OKxgv2ApoTNdtMu3WzC7qRQQi7+FS8eFPHqz/Dmv3HT5qCtDwYe780wMy9IBNfgON/Wyura+sZmZau6vbO7t28fHLZ1nCrKWjQWseoGRDPBJWsBB8G6iWIkCgTrBOO7wu9MmNI8lo8wTVg/IkPJQ04JGMm3jz1JAkH8zIsIjIIwm+R+Bnnu2zWn7syAl4lbkhoq0fTtL28Q0zRiEqggWvdcJ4F+RhRwKlhe9VLNEkLHZMh6hkoSMd3PZg/k+MwoAxzGypQEPFN/T2Qk0noaBaazOFMveoX4n9dLIbzpZ1wmKTBJ54vCVGCIcZEGHnDFKIipIYQqbm7FdEQUoWAyq5oQ3MWXl0n7ou5e1Z2Hy1rjtoyjgk7QKTpHLrpGDXSPmqiFKMrRM3pFb9aT9WK9Wx/z1hWrnDlCf2B9/gD6pZdO</latexit>rvt

Fig. 1. (a)A comparison between the ancestral diffusion step (depicted in black)
and our proposed physics-aware diffusion model (PadDH, represented in orange). It
involves an intermediate transformation from 𝒙𝑡 to 𝒗𝑡 and further transformation into
𝒙𝑡−1. (b)A detailed visual depiction of the correction step, illustrating the sequence of
transformations from 𝒙𝑡 to 𝒗𝑡 and then to 𝒙𝑡−1.

Algorithm 1 Physics-aware diffusion model for digital holographic reconstruction
Require: DH measurement operator T (·), hologram 𝒚, stepsize 𝜌, diffusion solver 𝝐𝜃 and 𝜎𝜃 ,

number of steps 𝑇 , variance schedule {𝛽𝑡 ∈ (0, 1)}𝑇𝑡=1, initial stage 𝒙𝑇
1: Initialization: 𝛼𝑡 = 1 − 𝛽𝑡 and 𝛼̄𝑡 =

∏𝑡
𝑠=1 𝛼𝑠

2: for 𝑡 = 𝑇 to 1 do
3: 𝒙̂0 ← 𝒙𝑡−

√
1− 𝛼̄𝑡 𝜖𝜃 (𝒙𝑡 ,𝑡 )√

𝛼̄𝑡

4: 𝜹 ∼ N(0, 1) if 𝑡 > 1, else 𝜹 = 0
5: 𝒗𝑡 ←

√
𝛼̄𝑡−1𝒙̂0 +

√
1 − 𝛼̄𝑡−1𝝐𝜃 (𝒙𝑡 , 𝑡) + 𝜎2

𝜃
(𝒙𝑡 , 𝑡) 𝜹 ⊲ Diffusion sampling

6: 𝒙𝑡−1 ← 𝒗𝑡 − 𝜌∇𝒗𝑡 ∥𝒚 − T (𝒙̂0)∥22 ⊲ Gradient correction
7: end for
8: Return: 𝒙0

in the context of different image generation tasks [32–34], and extend its application to the
field of holographic imaging. However, this is not straightforward for two main reasons: a)
digital inline holographic reconstruction inherently involves a nonlinear inverse problem, and
b) the unconditional stochastic sampling step does not provide a means to match the actual
measurement. To overcome these challenges, we introduce modifications to the conventional
sampling process of DDPM [29] by incorporating gradient correction and specified initialization,
which are summarized in Algorithm 1 and visually depicted in Fig. 1. Given that the diffusion
priors are pre-trained on a diverse range of natural images, such as ImageNet [35], they inherently
impose a real-value constraint. As a result, we constrain the transmittance of our samples to real
values within the physical model, with a primary focus on recovering the intensity response of
the object. However, we recognize the significance of the phase information as it carries crucial
details about the object. In light of this, we explore the potential adaptation of our proposed
framework for phase map reconstruction of phase-only objects, which is further discussed in
Section 5.

3.1. Gradient correction

To use the physics of digital holographic imaging system as a supervisory signal along the
diffusion sampling process, we consider posterior sampling to generate samples that are consistent
with the recorded amplitude measurements. Specifically, we maximize the likelihood 𝑝(𝒚 | 𝒙𝑡 ) of

4

Fig. 1. (a)A comparison between the ancestral diffusion step (depicted in black) and our
proposed physics-aware diffusion model (PadDH, represented in orange). It involves an
intermediate transformation from xt to vt and further transformation into xt−1. (b)A detailed
visual depiction of the correction step, illustrating the sequence of transformations from xt
to vt and then to xt−1.

Algorithm 1. Physics-aware diffusion model for digital holographic reconstruction
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3.1. Gradient correction

To use the physics of digital holographic imaging system as a supervisory signal along the
diffusion sampling process, we consider posterior sampling to generate samples that are consistent
with the recorded amplitude measurements. Specifically, we maximize the likelihood p(y | xt) of
the recorded hologram y by finding the gradient of it with respect to xt. However, it is intractable
in general. To find a tractable approximation for p(y | xt), we firstly factorize it using the Bayes’
theorem:

p(y | xt) =
∫

p(y | xt, x0)p(x0 | xt)dx0 =

∫
p(y | x0)p(x0 | xt)dx0, (9)

since that y and xt are conditionally independent on x0. According to the forward modeling in
Eq. (2), p(y | x0) can be expressed as a function of x0 as

g (x0) def
= p(y | x0) = 1√︁

(2π)nγ2n
exp

[︄
− ∥y − T (x0)∥22

2γ2

]︄
, (10)

where n represents the dimension of the measurement space. It gives

p(y | xt) =
∫

g (x0) p(x0 | xt)dx0
def
= Ep(x0 | xt)g(x0). (11)

Definition 1 (Jensen’s inequality [36]) Let g be a convex or nonconvex function, and let x be a
random vector with distribution p(x). Then Ep(x) [g(x)] ≥ g

(︁
Ep(x) [x]

)︁
, where the gap is defined

as
J = Ep(x) [g(x)] − g

(︁
Ep(x) [x]

)︁
. (12)

Therefore, based on the Definition 1, the lower bound of p(y | xt) can be derived as

p(y | xt) = Ep(x0 | xt) [g(x0)] ≥ g
(︁
Ep(x0 | xt) [x0]

)︁
= p(y | x̂0), (13)

where x̂0
def
= Ep(x0 | xt) [x0] is the posterior mean of x0. It implies that an approximation of

p(y | xt) can be yield by p(y | x̂0) with the approximation error that is quantified using the Jensen
gap, which has a upper bounded in most of the inverse problems [37]. This brings the following
approximation

∇xt log p(y | xt) ≃ ∇xt log p(y | x̂0) = − 1
γ2∇xt ∥y − T (x̂0)∥22 , (14)

where x̂0 is a function of xt according to Eq. (8). It suggests that taking the gradients ∇xt can be
efficiently performed through the differentiable programming [38,39]. Leveraging this capability,
an extra correction step based on this gradient term is incorporated into the common ancestral
sampling step of the diffusion model with stepsize ρ = 1/γ2. To represent this intermediate
stage, we introduce a distinct notation of vt as a differentiation. Specifically, as shown in the
algorithm flow diagram in Fig. 1(a), the ancestral diffusion model goes directly from xt to xt−1,
while our method introduces the additional gradient correction step. This involves transforming
xt into vt at the intermediate stage before further transforming it into xt−1.

3.2. Specified initialization

Deviating from the conventional diffusion models that start from an unstructured noise vectors,
we set the initial point of the generative process as the back-propagated hologram on the object
plane, which is

xT = h−z ⊗ y, (15)
where h−z is the free-space propagation kernel at the opposite distance −z. We reckon that this
strategy allows us to leverage the full knowledge of the hologram and initiates the generative
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process from a more reasonable and informed starting point. To support this assertion, we
conduct comparison experiments with various initialization methods, as detailed in Section 5.

By incorporating the gradient correction step and employing specific initialization, we
have effectively merged the physics of the holographic imaging system with the ancestral
diffusion model. This integration enables an unsupervised process for a single-shot holographic
reconstruction.

4. Experiments

4.1. Optical system

We validate our proposed model using both synthetic and experimental holograms, following
the inline holographic imaging system illustrated in Fig. 2. The system begins with a coherent
collimated light source module that emits a collimated beam of monochromatic light with a
wavelength of λ. The object of interest is positioned in front of the sensor plane at a distance of
z. When illuminated, the object scatters the incident light, resulting in an interference pattern
when combined with the unscattered reference beam. These holograms are captured by the
sensor, which converts the light intensity into electrical signals. The resolution of the sensor,
determined by its pixel size, defines the quality of the recorded holograms. Prior to further
reconstruction, the holograms undergo pre-processing operations such as cropping and scaling,
which resize them to 256 × 256 pixels and normalize their values to a range of 0 to 1. The size of
the input image is governed by the fixed-size constraint inherent in the pre-trained diffusion model
utilized within PadDH. This constraint allows us to leverage the power of pre-existing models
without the necessity of re-training or fine-tuning. However, we acknowledge that it is indeed
possible to accommodate larger image sizes by utilizing alternative pre-existing diffusion models
in PadDH that are trained on such dimensions. The system configurations for both simulation
and experiment are listed in Table 1. The reconstruction performance is compared against other
state-of-the-art unsupervised methods that utilize handcrafted priors (i.e., CS [22]) and implicit
priors (i.e., DeepDIH [25]).

Laser

Plane wave !

Collimator "

Sensor

Fig. 2. Schematic setup for digital inline holography used in simulations and experi-
ments.

Table 1. System configurations for simulation and experimental setup. The rescaled
pixel size is derived from the original hologram, which undergoes cropping and scaling
operations to match the network input size of 256 × 256.

Simulation Experiment

System configurations USAF Cell USAF Convallaria

Wavelength 𝜆(nm) 532.0 532.0 632.8 532.0

Distance 𝑧(cm) 0.1 0.1 2.28 3.33

Pixel size(µm) 1.12 1.12 4.80 3.45

Rescaled pixel size (µm) 1.12 1.12 13.5 13.5

4. Experiments
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We validate our proposed model using both synthetic and experimental holograms, following
the inline holographic imaging system illustrated in Fig. 2. The system begins with a coherent
collimated light source module that emits a collimated beam of monochromatic light with a
wavelength of 𝜆. The object of interest is positioned in front of the sensor plane at a distance of
𝑧. When illuminated, the object scatters the incident light, resulting in an interference pattern
when combined with the unscattered reference beam. These holograms are captured by the
sensor, which converts the light intensity into electrical signals. The resolution of the sensor,
determined by its pixel size, defines the quality of the recorded holograms. Prior to further
reconstruction, the holograms undergo pre-processing operations such as cropping and scaling,
which resize them to 256 × 256 pixels and normalize their values to a range of 0 to 1. The size of
the input image is governed by the fixed-size constraint inherent in the pre-trained diffusion model
utilized within PadDH. This constraint allows us to leverage the power of pre-existing models
without the necessity of re-training or fine-tuning. However, we acknowledge that it is indeed
possible to accommodate larger image sizes by utilizing alternative pre-existing diffusion models
in PadDH that are trained on such dimensions. The system configurations for both simulation
and experiment are listed in Table 1. The reconstruction performance is compared against other
state-of-the-art unsupervised methods that utilize handcrafted priors (i.e., CS [22]) and implicit
priors (i.e., DeepDIH [25]).
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Fig. 2. Schematic setup for digital inline holography used in simulations and experiments.

Table 1. System configurations for simulation and experimental setup.
The rescaled pixel size is derived from the original hologram, which

undergoes cropping and scaling operations to match the network input size
of 256 × 256.

Simulation Experiment

System configurations USAF Cell USAF Convallaria

Wavelength λ(nm) 532.0 532.0 632.8 532.0

Distance z(cm) 0.1 0.1 2.28 3.33

Pixel size (µm) 1.12 1.12 4.80 3.45

Rescaled pixel size (µm) 1.12 1.12 13.5 13.5
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4.2. Evaluation with simulated holograms

To validate our algorithms, we initially conduct simulations. To explore the generalization ability
of our developed framework across different sample spaces, we conduct tests on a set of synthetic
holograms generated from a standard resolution USAF target and open-source biological cell
images [40]. The samples are employed as amplitude objects within an inline digital holography
system, as described in Section 4.1. Both types of samples adhere to the same configuration,
which is summarized in Table 1.

Figure 3 illustrates the reconstructed results of the standard USAF target, alongside the ground
truth. Notably, the BP result exhibits significant twin-image contamination. In contrast, both the
CS [22] and DeepDIH [25] algorithms, as well as our proposed method (PadDH), effectively
mitigate this disturbance. To facilitate a comprehensive visual comparison, we employ a Canny
edge detector to extract the edge matrix from each reconstructed output. To ensure fairness,
all edge matrix images are calculated using the same threshold by the operator. Two regions
of interest (ROI) with different resolution scales are then enlarged. Additionally, cross-section
plots along the selected line are generated for the chosen area. Evidently, PadDH demonstrates
superior alignment between the extracted result and the ground truth. The edges appear sharper,
while background noise is significantly suppressed. These observations strongly indicate that
the PadDH algorithm outperforms the BP, CS [22], and DeepDIH [25] methods in effectively
suppressing twin-image noise.
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Fig. 3. Reconstruction results of USAF target with comparison against BP, CS [22]
and DeepDIH [25]. The reconstructed intensity images are processed by Canny edge
detector to generate edge matrix for a better visual comparison. Enlarged regions of
interest (ROIs) corresponding to different resolution scales are shown below each result.
Scale bars for the entire field of view (FOV) and the magnified ROIs: 60 µm, 40 µm
and 10 µm, respectively.

4.2. Evaluation with simulated holograms

To validate our algorithms, we initially conduct simulations. To explore the generalization ability
of our developed framework across different sample spaces, we conduct tests on a set of synthetic
holograms generated from a standard resolution USAF target and open-source biological cell
images [40]. The samples are employed as amplitude objects within an inline digital holography
system, as described in Section 4.1. Both types of samples adhere to the same configuration,
which is summarized in Table 1.

Fig. 3 illustrates the reconstructed results of the standard USAF target, alongside the ground
truth. Notably, the BP result exhibits significant twin-image contamination. In contrast, both the
CS [22] and DeepDIH [25] algorithms, as well as our proposed method (PadDH), effectively
mitigate this disturbance. To facilitate a comprehensive visual comparison, we employ a Canny
edge detector to extract the edge matrix from each reconstructed output. To ensure fairness,
all edge matrix images are calculated using the same threshold by the operator. Two regions
of interest (ROI) with different resolution scales are then enlarged. Additionally, cross-section
plots along the selected line are generated for the chosen area. Evidently, PadDH demonstrates
superior alignment between the extracted result and the ground truth. The edges appear sharper,
while background noise is significantly suppressed. These observations strongly indicate that
the PadDH algorithm outperforms the BP, CS [22], and DeepDIH [25] methods in effectively
suppressing twin-image noise.

The generalization ability of our proposed framework across different sample domains is
verified using the biological cell samples [40], which exhibit distinct semantic content compared
to natural images. To thoroughly evaluate our framework, we select a diverse set of 500 cell
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Fig. 3. Reconstruction results of USAF target with comparison against BP, CS [22] and
DeepDIH [25]. The reconstructed intensity images are processed by Canny edge detector to
generate edge matrix for a better visual comparison. Enlarged regions of interest (ROIs)
corresponding to different resolution scales are shown below each result. Scale bars for the
entire field of view (FOV) and the magnified ROIs: 60 µ, 40 µm and 10 µm, respectively.

The generalization ability of our proposed framework across different sample domains is
verified using the biological cell samples [40], which exhibit distinct semantic content compared
to natural images. To thoroughly evaluate our framework, we select a diverse set of 500 cell
samples, each containing various subcellular structures. The reconstruction results, depicted in
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Fig. 4 with a cool-warm colormap, effectively capture the internal structure of the cells, including
the nucleus, apparatus, and fibers. The enlarged area demonstrates that our method successfully
retrieves the in-focus object, preserving fine features of the internal structure of the cells, and
effectively eliminates the unwanted twin-image effects caused by the out-of-focus regions.

En
la

rg
ed

 R
O

Is
En

la
rg

ed
 R

O
Is

En
la

rg
ed

 R
O

Is

Ground truth BP CS PadDHHologram DeepDIH

Ground truth BP CS PadDHHologram DeepDIH

Ground truth BP CS PadDHHologram DeepDIH

0.2 −
0.4 −
0.6 −
0.8 −

S1

S2

S3

0.2 −
0.4 −
0.6 −
0.8 −

Fig. 4. Reconstruction results of cell samples (S1, S2, and S3) generated from
open-source biological cell images [40]. For each case, the first row displays the
synthetic hologram, the ground truth and the reconstruction results obtained using the
conventional BP, CS [22], DeepDIH [25] and our proposed PadDH subsequently in the
entire field of view (FOV). The second row shows enlarged regions of interest (ROIs),
highlighting the consistent ability of our proposed method to resolve fine details of the
cell structure. Scale bars for the entire field of view (FOV) and the magnified ROIs:
60 µm and 10 µm, respectively.

samples, each containing various subcellular structures. The reconstruction results, depicted in
Fig. 4 with a cool-warm colormap, effectively capture the internal structure of the cells, including
the nucleus, apparatus, and fibers. The enlarged area demonstrates that our method successfully
retrieves the in-focus object, preserving fine features of the internal structure of the cells, and
effectively eliminates the unwanted twin-image effects caused by the out-of-focus regions.

To quantitatively evaluate the reconstruction results, we employ widely recognized metrics
i.e., the peak signal-to-noise ratio (PSNR), the Structural Similarity Index Measure (SSIM),
and the root mean square error (RMSE) to assess the similarity between the reconstructed
images and their corresponding ground truth counterparts. While these metrics have long been
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Fig. 4. Reconstruction results of cell samples (S1, S2, and S3) generated from open-source
biological cell images [40]. For each case, the first row displays the synthetic hologram, the
ground truth and the reconstruction results obtained using the conventional BP, CS [22],
DeepDIH [25] and our proposed PadDH subsequently in the entire field of view (FOV). The
second row shows enlarged regions of interest (ROIs), highlighting the consistent ability of
our proposed method to resolve fine details of the cell structure. Scale bars for the entire
field of view (FOV) and the magnified ROIs: 60 µm and 10 µm, respectively.

To quantitatively evaluate the reconstruction results, we employ widely recognized metrics
i.e., the peak signal-to-noise ratio (PSNR), the structural similarity index measure (SSIM),
and the root mean square error (RMSE) to assess the similarity between the reconstructed
images and their corresponding ground truth counterparts. While these metrics have long been
utilized for evaluating image quality, it is important to note that certain types of degradation
may not be accurately represented in terms of perceived image quality. To provide a more
comprehensive assessment, we incorporate three additional mathematically defined image quality
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assessment (IQA) models, i.e., the feature-based similarity index (FSIM) [41], the universal
image quality index (UIQ) [42], and the normalized mutual information (NMI) [43]. By
including these additional metrics, we aim to capture a broader perspective on the performance
of the reconstruction methods. The averaged evaluation metrics are summarized in Table 2. It
demonstrates significant performance improvements achieved by our method across multiple
evaluation metrics, highlighting its superior efficacy in digital holography reconstruction. These
results also suggest the generalization capabilities of our method across different problem domains,
as evidenced by its consistent performance on both the USAF target and biological cell samples.

Table 2. Quantitative evaluation of different reconstruction methods. The arrow direction beside
each metric indicates better reconstruction quality.

Metrics

Samples Methods PSNR(dB) ↑ SSIM ↑ RMSE ↓ FSIM ↑ UIQ ↑ NMI ↑

USAF

BP 8.92 0.34 0.36 0.38 0.49 1.09

CS [22] 10.89 0.52 0.46 0.61 0.44 1.13

DeepDIH [25] 9.14 0.43 0.35 0.42 0.57 1.10

PadDH 25.47 0.96 0.05 0.75 0.99 1.35

cells

BP 10.08 0.40 0.31 0.50 0.44 1.08

CS [22] 9.96 0.53 0.32 0.59 0.56 1.11

DeepDIH [25] 15.48 0.50 0.17 0.58 0.67 1.09

PadDH 23.19 0.67 0.07 0.67 0.81 1.14

4.3. Evaluation with real holograms

For our experimental validation, a resolution target is firstly employed as a transmissive sample.
As depicted in Fig. 5(a), our experimental setup involves a laser module (HNL100L, Thorlabs)
that generates a 10 mW single wavelength (632.8 nm) light source. A digital camera, specifically
the NV-GE134GM-T model from MindVision, equipped with a CMOS sensor featuring a pixel
size of 4.8 µm, is employed to capture the holograms. To ensure accurate hologram recording,
the collimated and expanded light passes through a beam expander (BE10M-A, Thorlabs) before
interacting with the sample. A neutral density filter (ND) controls the light intensity to prevent
sensor overexposure. The sample, positioned in the light path, propagates the hologram onto the
sensor plane. The results are demonstrated in Fig. 5(b), where it becomes evident that PadDH
outperforms the others in terms of noise suppression. Notably, the intensity profiles along the
selected line are plotted in Fig. 5(c) with different colors to represent reconstruction results
from BP, CS [22], DeepDIH [25] and our method. Upon closer inspection of the zoomed-in
plots, PadDH stands out by effectively mitigating disturbances caused by twin-image noise and
outperforming others through sharper edges and a more consistent background. It highlights the
superior performance of PadDH, demonstrating its distinctiveness and effectiveness compared to
alternative methods.

Moreover, to assess the potential of our method in biomedical applications, we conduct
experiments using experimental data from a convallaria sample collected under the same optical
system setup [39]. This experiment also aims to demonstrate the generalizability of our approach
across different system configurations, which are specified in Table 1. By observing the enlarged
area ROI 3, our approach keeps its superior performance by preserving high-quality details to
a significant extent. Since no ground-truth data is available for comparison, we quantify the
effectiveness of our method’s twin-image removal capability using no-reference image quality
assessment algorithms. Specifically, we calculate the total variation (TV), where smaller values
indicate more effective suppression of twin-image artifacts and a smoother background. The TV
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Fig. 5. Experimental verification. (a) Experimental setup of the optical system. (b)
Reconstruction results of our proposed method on two samples, i.e. a resolution target
and a convallaria sample. Intensity profiles along the dashed red line of interest for
each method are plotted. Selected ranges are zoomed in dashed rectangular boxes. (c)
Three ROIs in (b) are selected and enlarged to reflect the reconstruction details. Scale
bars for the entire FOV and three enlarged ROIs: 0.7 mm, 0.2 mm, 0.3 mm and 0.4 mm,
respectively.

Moreover, to assess the potential of our method in biomedical applications, we conduct
experiments using experimental data from a convallaria sample collected under the same optical
system setup [39]. This experiment also aims to demonstrate the generalizability of our approach
across different system configurations, which are specified in Table. 1. By observing the enlarged
area ROI 3, our approach keeps its superior performance by preserving high-quality details to
a significant extent. Since no ground-truth data is available for comparison, we quantify the
effectiveness of our method’s twin-image removal capability using no-reference image quality
assessment algorithms. Specifically, we calculate the total variation (TV), where smaller values
indicate more effective suppression of twin-image artifacts and a smoother background. The
TV values calculated for the BP, CS [22], DeepDIH [25], and PadDH methods are 0.157, 0.082,
0.133 and 0.058, respectively. Additionally, the Blind/Referenceless Image Spatial Quality
Evaluator (BRISQUE) [44] is used, which employs natural scene statistics to assess the quality
of an image. It relies on spatial Natural Scene Statistics models of locally normalized luminance
coefficients and pairwise products of these coefficients in the spatial domain. The BRISQUE [44]
scale, which ranges from 0 to 100 (with lower values indicating better subjective quality), yields
scores of 38.5, 17.8, 29.4 and 4.79 for the BP, CS [22], DeepDIH [25], and PadDH, respectively.
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Fig. 5. Experimental verification. (a) Experimental setup of the optical system. (b)
Reconstruction results of our proposed method on two samples, i.e. a resolution target and a
convallaria sample. Intensity profiles along the dashed red line of interest for each method
are plotted. Selected ranges are zoomed in dashed rectangular boxes. (c) Three ROIs in (b)
are selected and enlarged to reflect the reconstruction details. Scale bars for the entire FOV
and three enlarged ROIs: 0.7 mm, 0.2 mm, 0.3 mm and 0.4 mm, respectively.

values calculated for the BP, CS [22], DeepDIH [25], and PadDH methods are 0.157, 0.082, 0.133
and 0.058, respectively. Additionally, the Blind/Referenceless Image Spatial Quality Evaluator
(BRISQUE) [44] is used, which employs natural scene statistics to assess the quality of an image.
It relies on spatial natural scene statistics models of locally normalized luminance coefficients
and pairwise products of these coefficients in the spatial domain. The BRISQUE [44] scale,
which ranges from 0 to 100 (with lower values indicating better subjective quality), yields scores
of 38.5, 17.8, 29.4 and 4.79 for the BP, CS [22], DeepDIH [25], and PadDH, respectively. These
results further reinforce the superiority of our reconstructed images in terms of human judgments
of image quality. These comparative results highlight the exceptional performance of PadDH,
demonstrating its distinctiveness and effectiveness compared to alternative methods.

4.4. Computational cost and robustness investigation

In terms of computational expense, CS [22] converges faster since it does not involve any trainable
parameters. However, the reconstruction quality of this method is subject to the influence of
domain-specific priors, leading to performance variations across different problem domains. In
contrast, both DeepDIH [25] and our method (PadDH) incorporate implicit priors, but PadDH
significantly reduces the number of trainable parameters, from 21 million to 0.06 million. This
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reduction in trainable parameters leads to a substantial decrease in computational expense while
maintaining comparable reconstruction quality.

For real-world imaging scenarios with low signal-to-noise ratio (SNR), it is crucial to assess
the robustness of the computational reconstruction algorithm under different noise levels. We
introduce Gaussian noise with varying degrees of standard deviation to the experimental USAF
target, resulting in a reduction of SNR from 50 dB to 5 dB. As depicted in Fig. 6(a), the
interference patterns gradually deteriorate and become contaminated as the SNR decreases.
However, PadDH consistently demonstrates its effectiveness across different noise levels. This
robustness can be attributed, in part, to the inherent noise removal capabilities of diffusion
models. Nevertheless, when the SNR of the holograms decreases to 5 dB, the holograms become
excessively noisy, rendering them unsuitable for PadDH to reconstruct detailed features. This
limitation arises due to the high level of corruption in the interference patterns under such noisy
conditions, which hampers the provision of sufficient information for an accurate reconstruction.

(a)

(b)

Fig. 6. Robustness verification across different signal-to-noise ratios (SNR). (a)First
row: Input holograms of USAF target arranged in ascending order of SNR, acquired
with an inline holographic system. Second row: USAF target reconstructed using
PadDH. Third row: Zoomed-in views of the reconstructed region (highlighted by the
red box). (b) Quantitative comparison on noisy cell holograms with varying noise
levels. Six different metrics are utilized and presented as bar plots, indicating the means
and 95 % confidence intervals.

These results further reinforce the superiority of our reconstructed images in terms of human
judgments of image quality. These comparative results highlight the exceptional performance of
PadDH, demonstrating its distinctiveness and effectiveness compared to alternative methods.

4.4. Computational cost and robustness investigation

In terms of computational expense, CS [22] converges faster since it does not involve any trainable
parameters. However, the reconstruction quality of this method is subject to the influence of
domain-specific priors, leading to performance variations across different problem domains. In
contrast, both DeepDIH [25] and our method (PadDH) incorporate implicit priors, but PadDH
significantly reduces the number of trainable parameters, from 21 million to 0.06 million. This
reduction in trainable parameters leads to a substantial decrease in computational expense while
maintaining comparable reconstruction quality.

11

Fig. 6. Robustness verification across different signal-to-noise ratios (SNR). (a)First row:
Input holograms of USAF target arranged in ascending order of SNR, acquired with an
inline holographic system. Second row: USAF target reconstructed using PadDH. Third row:
Zoomed-in views of the reconstructed region (highlighted by the red box). (b) Quantitative
comparison on noisy cell holograms with varying noise levels. Six different metrics are
utilized and presented as bar plots, indicating the means and 95% confidence intervals.
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To provide a quantitative comparison between PadDH and other methods, we conduct tests
on corrupted synthetic cell holograms where the ground truths are available. We generate six
groups of noisy cell holograms, each containing 100 data samples, with varying SNRs. The
reconstruction results of BP, CS [22], and PadDH are compared against the ground truth, and
evaluation metrics are calculated and visualized using barplots in Fig. 6(b). The results clearly
indicate that PadDH exhibits greater robustness to noisy data compared to both BP and CS
[22]. This is evidenced by its consistent performance across multiple evaluation scenarios, as
demonstrated by the barplots. PadDH outperforms the other methods, providing more accurate
reconstructions even in the presence of significant noise.

5. Discussion and limitations

5.1. Investigation on different initializations

The influence of the specified initialization in PadDH is investigated by comparing the results ob-
tained from two different initializatons: randomized initialization commonly used in conventional
diffusion models, and the specified initial point used in PadDH. We conduct the comparison using
the experimental hologram from the convallaria sample, and the results are shown in Fig. 7(a).
As depicted in Fig. 7(a), with randomized initialization, the reconstruction output is unstable and
exhibits undesired artifacts. In contrast, our model, which utilizes the specified initialization, can
effectively recover the details of the object with improved accuracy. This comparison provides
evidence of the advantages of our specified initialization in merging the imaging physics of the
holographic imaging system into ancestral diffusion models, leading to enhanced reconstruction
results.
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Fig. 7. Impact of initialization and stepsize on reconstruction performance. (a) The
comparison of reconstruction results using different initialization 𝒙𝑇 . (b) The mean-
square-error (MSE) between the ground truth and reconstruction results using different
step sizes ranging from 0.1 to 20.

We then apply the same optimized value directly to the experimental samples, successfully
reconstructing the object information with good stability and performance. It is important to note
that the specific value of the step size may vary depending on the experimental setup and dataset
used. Further optimization of the step size holds the potential for enhancing reconstruction
results, which is beyond the scope of this study.

5.3. Investigation on phase recovery

In this study, we investigate the application of the diffusion model as an image prior for
unsupervised single-shot holographic imaging. Our method integrates the image formation
physics into the pre-existing diffusion model, such as DDPM [29], without the need for re-training
or fine-tuning that requires adequate experimental holograms. Given the inherent real-value
constraint present in these diffusion priors, our primary emphasis is on recovering the intensity
response of the object by assuming the real-valued transmittance of our samples within the
physical model. However, the phase information recovery of the object is another important
application in holographic imaging. With this in mind, we investigate the adaptiveness of PadDH
in phase recovery. In Appendix B, we provide a detailed account of how PadDH can be adapted
for phase-only object reconstruction. Specifically, we employ the same PadDH architecture
while modifying the object model with its real-valued phase map. We refer to this variation
as PadPhase for phase-only object reconstruction. Through our experiments, we observe that
PadPhase has desirable reconstruction for the given phase recovery problem, capturing most of
the high-frequency details. This suggests the generalization ability of our proposed framework in
solving reconstruction problems with different imaging modalities.

However, it is important to consider that in practical applications, the presence of phase-only
substances is limited, as most tissues and living cells exhibit absorption in the visible spectrum
and additional optical effects such as refraction. Consequently, to fully unlock the potential of
our method in holographic imaging, the recovery of the complex transmittance, encompassing
both amplitude and phase simultaneously, becomes crucial. Addressing this challenge will be a
significant focus of our future research endeavors.

6. Conclusion

In this paper, we present a novel physics-aware diffusion model (PadDH), designed specifically for
unsupervised single-shot holographic imaging. This work introduces the use of diffusion models
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Fig. 7. Impact of initialization and stepsize on reconstruction performance. (a) The
comparison of reconstruction results using different initialization xT . (b) The mean-square-
error (MSE) between the ground truth and reconstruction results using different step sizes
ranging from 0.1 to 20.

5.2. Investigation on stepsize ρ

The choice of hyperparameter setting for the step size ρ influences the stability of the algorithm.
This parameter is closely related to the noise value, indicating the degree of influence enforced
by the physics information on the generative process of the diffusion model. To investigate its
impact, we conduct an ablation study an ablation study where we varied the value of the step
size and examined its effect on the reconstruction performance. Specifically, we calculate the
mean-square-error (MSE) between the ground truth and the reconstruction results obtained using
different step sizes, ranging from 0.1 to 20. As illustrated in Fig. 7(b), we observed that if the
physics information is under-weighted, the posterior becomes over-biased toward the diffusion
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priors, potentially leading to misleading data. Conversely, if the measurements are over-weighted,
the samples may collapse onto a subspace that does not align with the diffusion priors. These
observations highlight the importance of tuning the step size for stability.

However, within a stable range of step sizes, we find that the reconstruction performance
remained consistent, suggesting a relative safety buffer range for tuning. In our simulations,
we empirically optimize the step size to ensure sampling stability and reliable reconstructions.
We then apply the same optimized value directly to the experimental samples, successfully
reconstructing the object information with good stability and performance. It is important to note
that the specific value of the step size may vary depending on the experimental setup and dataset
used. Further optimization of the step size holds the potential for enhancing reconstruction
results, which is beyond the scope of this study.

5.3. Investigation on phase recovery

In this study, we investigate the application of the diffusion model as an image prior for
unsupervised single-shot holographic imaging. Our method integrates the image formation
physics into the pre-existing diffusion model, such as DDPM [29], without the need for re-training
or fine-tuning that requires adequate experimental holograms. Given the inherent real-value
constraint present in these diffusion priors, our primary emphasis is on recovering the intensity
response of the object by assuming the real-valued transmittance of our samples within the
physical model. However, the phase information recovery of the object is another important
application in holographic imaging. With this in mind, we investigate the adaptiveness of PadDH
in phase recovery. In Appendix B, we provide a detailed account of how PadDH can be adapted
for phase-only object reconstruction. Specifically, we employ the same PadDH architecture
while modifying the object model with its real-valued phase map. We refer to this variation
as PadPhase for phase-only object reconstruction. Through our experiments, we observe that
PadPhase has desirable reconstruction for the given phase recovery problem, capturing most of
the high-frequency details. This suggests the generalization ability of our proposed framework in
solving reconstruction problems with different imaging modalities.

However, it is important to consider that in practical applications, the presence of phase-only
substances is limited, as most tissues and living cells exhibit absorption in the visible spectrum
and additional optical effects such as refraction. Consequently, to fully unlock the potential of
our method in holographic imaging, the recovery of the complex transmittance, encompassing
both amplitude and phase simultaneously, becomes crucial. Addressing this challenge will be a
significant focus of our future research endeavors.

6. Conclusion

In this paper, we present a novel physics-aware diffusion model (PadDH), designed specifically for
unsupervised single-shot holographic imaging. This work introduces the use of diffusion models
in holographic reconstruction by combining the physical information and the effective image
prior embedded in a pre-trained diffusion model. Comparative evaluations with state-of-the-art
unsupervised methods through comprehensive experiments highlight the advantages of PadDH.
The results demonstrate its superiority in holographic reconstruction, showcasing improved
quality results and faster convergence. Additionally, our investigation highlights the robustness
of PadDH across various noise levels, making it highly suitable for real-world applications
characterized by low signal-to-noise ratios. This advancement holds crucial applications for
compact and portable inline holographic imaging systems, which has huge impact for on-site or
field investigations. Besides, this research opens up new possibilities for enhancing scientific
imaging by leveraging the powerful prior knowledge encoded in pre-trained diffusion models.
Future work can further explore and optimize PadDH to unlock its full potential for a wide range
of scientific imaging applications.



Research Article Vol. 32, No. 6 / 11 Mar 2024 / Optics Express 10457

Appendix A: Derivation of loss function (Eq. (5)) and update process (Eq. (6)) in
ancestral diffusion models

In this study, we use the ImageNet-pretrained DDPM [29] as the effective diffusion prior
considering its diverse and versatile characteristics in the context of different image generation
tasks. The optimization of DDPM is realized by minimising the variational bound on the negative
log-likelihood through

Eq(x0:T ) [− log pθ (x0:T )] ≤ Eq(x0:T )

[︃
− log

pθ (x0:T )
q(x1:T |x0)

]︃
, (16)

= Eq(x0:T )

[︄
− log p (xT ) −

T∑︂
t=1

log
p(t)θ (xt−1 | xt)
q(t) (xt | xt−1)

]︄
. (17)

The learning objective can be further formulated to minimize the Kullback–Leibler (KL) diver-
gence divergence between the trackable conditioned posteriors q(t) (xt−1 | xt, x0) and p(t)θ (xt−1 | xt)
(please refer to [29] for detailed derivations).

Based on the Gaussian transitions defined in Eq. (3) and Bayes theorem, q(t) (xt−1 | xt, x0) is a
Gaussian distribution with the mean and variance calculated as

µt =

√
αt (1 − ᾱt−1) xt +

√
ᾱt−1 (1 − αt) x0

1 − ᾱt
,

Σt =
(1 − αt) (1 − ᾱt−1)

1 − ᾱt
I = σ2

t I,
(18)

where αt = 1 − βt and ᾱt =
∏︁t

s=1 αs for notation simplicity. There are several options available
for parameterizing the learnable transition kernel p(t)θ (xt−1 | xt). The most obvious option is the
Gaussian distribution

p(t)θ (xt−1 | xt) = N
(︂
xt−1; µθ (xt, t) ,σ2

θ (xt, t) I
)︂

, (19)

where µθ (xt, t) and σθ (xt, t) is the output from the learned deep neural network with the noisy
xt and step t as input. It is worth noting that, instead of training different networks for T steps,
the parameters θ can be shared across different steps by the Transformer sinusoidal position
embedding [45].

Therefore, the training objective is to predict a pair of µθ (xt, t) and σθ (xt, t) given the input xt
and step t, aiming to closely approximate the values µt and σt. To enhance both the quality and
efficiency of sampling, Ho et al [29] discovered the advantages of predicting the added noise
term at step t instead. This approach is founded on the following linear transformation between
the noisy xt and clean x0, taking into account the properties of Gaussian transitions as described
in Eq. (3)

xt =
√︁
ᾱ(t)x0 +

√︁
1 − ᾱ(t)ϵ t, (20)

where ϵ t ∼ N(0, I) is the standard Gaussian noise. Therefore, the total loss is defined as

L (θ) = Ex0∼q(x0),t∼[0,T],ϵt∼N(0,I)
[︁∥ϵ θ (xt, t) − ϵ t∥22 + ∥σθ (xt, t) − σt∥22

]︁
, (21)

where ϵ θ (xt, t) and σθ (xt, t) are the output from the learned deep neural network with the noisy
xt and step t as input.



Research Article Vol. 32, No. 6 / 11 Mar 2024 / Optics Express 10458

After training, given the input xt at step t, the learned neural network can generate a pair of
ϵ θ (xt, t) and σθ (xt, t). This gives the following iterative update in the generative process

xt−1 =
1√
αt

(︃
xt − 1 − αt√

1 − ᾱt
ϵ θ (xt, t)

)︃
+ σ2

θ (xt, t) δ, (22)

where δ ∼ N(0, I) is the standard Gaussian noise. The linear transformation between the noisy
xt and clean x0 in the diffusion process described in Eq. (20) can be re-written by means of

x0 =
1√︁
ᾱ(t)

(︂
xt +

√︁
1 − ᾱtϵ t

)︂
. (23)

Therefore, the posterior mean of x0 can be approximated as

x̂0 ≃ 1√︁
ᾱ(t)

(︂
xt +

√︁
1 − ᾱtϵ θ (xt, t)

)︂
, (24)

where ϵ θ (xt, t) is the output from the learned network. This finally rewrites the generative
process in Eq. (22) into

xt−1 =
√
ᾱt−1x̂0 +

√︁
1 − ᾱt−1ϵ θ (xt, t) + σ2

θ (xt, t) δ, (25)

which is the Eq. (7) in the main text.

Appendix B: Investigation on phase recovery

Here, we present an investigation into the application of PadDH for phase-only object reconstruc-
tion. Considering the phase-only prior of the object, we modify the forward imaging model in
Eq. (2) from

y = 2Re
{︁
hz ⊗ x

}︁
+ n, (26)

into
y = 2Re

{︁
hz ⊗ ejx}︁ + n, (27)

where x stands for the phase map of the object that is real-valued. We termed this variation
of our proposed framework as PadPhase, which highlights its use in phase reconstruction. To
assess its performance, we conduct experiments using a standard USAF target and cell samples to
evaluate its resilience across different sample spaces. As shown in Fig. 8, PadPhase consistently
recovers the phase information with remarkable consistency across diverse samples, showcasing
the adaptiveness of our proposed framework.

B. Appendix: Investigation on phase recovery

Here, we present an investigation into the application of PadDH for phase-only object reconstruc-
tion. Considering the phase-only prior of the object, we modify the forward imaging model in
Eq. 2 from

𝒚 = 2Re
{
𝒉𝑧 ⊗ 𝒙

} + 𝒏, (26)

into

𝒚 = 2Re
{
𝒉𝑧 ⊗ 𝑒 𝑗𝒙

} + 𝒏, (27)

where 𝒙 stands for the phase map of the object that is real-valued. We termed this variation
of our proposed framework as PadPhase, which highlights its use in phase reconstruction.To
assess its performance, we conduct experiments using a standard USAF target and cell samples to
evaluate its resilience across different sample spaces. As shown in Fig. B1, PadPhase consistently
recovers the phase information with remarkable consistency across diverse samples, showcasing
the adaptiveness of our proposed framework.

Hologram Ground truth PadPhase
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−2$

S2

S1

Fig. B1. Phase reconstruction by PadPhase for two synthetic holograms of USAF target (S1) and
cell sample (S2). The sequence includes the synthetic holograms, the ground-truth phase maps,

and the corresponding reconstruction results.
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Fig. 8. Phase reconstruction by PadPhase for two synthetic holograms of USAF target (S1)
and cell sample (S2). The sequence includes the synthetic holograms, the ground-truth
phase maps, and the corresponding reconstruction results.
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