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Abstract

Phase imaging is gaining importance due to its applications
in fields like biomedical imaging and material characteri-
zation. In biomedical applications, it can provide quantita-
tive information missing in label-free microscopy modalities.
One of the most prominent methods in phase quantification is
the Transport-of-Intensity Equation (TIE). TIE often requires
multiple acquisitions at different defocus distances, which is
not always feasible in a clinical setting, due to hardware con-
straints. To address this issue, we propose the use of chro-
matic aberrations to induce the required through-focus im-
ages with a single exposure, effectively generating a through-
focus stack. Since the defocus distance induced by the aber-
rations is small, conventional TIE solvers are insufficient to
address the resulting artifacts. We propose Zero-Mean Dif-
fusion, a modified version of diffusion models designed for
quantitative image prediction, and train it with synthetic data
to ensure robust phase retrieval. Our contributions offer an al-
ternative TIE approach that leverages chromatic aberrations,
achieving accurate single-exposure phase measurement with
white light and thus improving the efficiency of phase imag-
ing. Additionally, we present a new class of diffusion models
that are well-suited for quantitative data and have a sound
theoretical basis. To validate our approach, we employ a
widespread brightfield microscope equipped with a commer-
cially available color camera. We apply our model to clinical
microscopy of patients’ urine, obtaining accurate phase mea-
surements.

1 Introduction

Phase imaging has emerged as a crucial technique in
many applications, including biomedical imaging (Park, De-
peursinge, and Popescu 2018), label-free imaging character-
ization (Rivenson et al. 2019), and modality imaging conver-
sion (Wang et al. 2024a; Zuo et al. 2020). It enhances con-
trast for objects with little or no absorption, such as biologi-
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cal structures, and provides quantitative information about
the morphology of microscopic objects like cells, which
is typically missing in label-free microscopy (Zangle and
Teitell 2014). For example, this information can be used
to detect morphological changes in cells (Yakimovich et al.
2018).

Several techniques have been developed for phase quan-
tification. Among these, the Transport-of-Intensity Equation
(TIE) (Teague 1983) stands out due to its straightforward ap-
proach. TIE does not require phase unwrapping and is easy
to integrate into hardware (Gupta, Mahendra, and Nishchal
2020). It enables phase retrieval under partially coherent il-
lumination (Paganin and Nugent 1998), which is common
in clinical microscopes. However, a primary challenge in
TIE is the presence of low-frequency artifacts (Wu et al.
2022; Zhu et al. 2014), often requiring multiple through-
focus images, which can be time-consuming and technically
demanding to get (Waller, Tian, and Barbastathis 2010; Zuo
et al. 2013). Alternatively, regularization techniques (Lustig,
Donoho, and Pauly 2007; Metzler et al. 2018) can be em-
ployed, but they are tailored to specific acquisition scenarios
and may not capture all image features (Zuo et al. 2020).

In this work, we propose to perform phase imaging by
leveraging chromatic aberrations produced in systems with
broad-spectrum sources, enabling precise phase estimation
with a single exposure. This approach can be implemented
with a conventional microscope equipped with a commer-
cially available polychromatic (RGB) camera, making it
highly practical for clinical use. However, the use of white
light introduces two challenges: a fixed effective defocus
distance (Waller et al. 2010), and blurring in the captured
diffraction patterns due to source incoherence (Zuo et al.
2020, 2015a). To address these issues, we propose a data-
driven approach using a deep diffusion model (Ho, Jain, and
Abbeel 2020; Saharia et al. 2022) trained on synthetic data
(Yang et al. 2023a), reducing the reliance on real-world ac-
quisitions (della Maggiora et al. 2022; Yang et al. 2023b).
This model provides a robust and practical solution for phase
retrieval with polychromatic sources. Our main contribu-



tions are:

* We propose a novel training paradigm for phase retrieval
based on physics-based synthetic data generation (Yang
et al. 2023a).

* We present a flexible and practical method for clinical
phase imaging.

¢ We introduce Zero-Mean Diffusion, a variation of diffu-
sion models, along with theoretical insights that explain
its improved performance for phase retrieval tasks.

2 Related Work

The induced phase of an object’s incident wave ¢ can be
determined by analyzing its measured diffraction pattern I.
For a monochromatic plane wave with wavelength A and
wavenumber k = 27”, the Transport-of-Intensity Equation
(TIE), establishes a connection between the rate of change of
the image in the propagation direction and the lateral phase
gradient (Zuo et al. 2020):

oI(x,y; z)
0z

where (x, y) are lateral spatial coordinates and z is the defo-
cus distance, and z = 0 is the center of the object. Equation
(1) can be solved for I within the near field of a propagated
distance z by the Fresnel diffraction integral. For a wave-
length A and denoting x = (x, y) this gives
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where A(x) denotes the amplitude. To recover the phase ¢
from (1), two approaches exist. First, assuming the object
is predominantly non-absorptive allows for treating it as a
phase object, such that I(x; z = 0) = I and (1) becomes:
01(x; 2)
K 0z
On the other hand, for an absorptive object, Teague’s as-
sumption (Teague 1983) yields an alternative formulation. In
both cases, we can solve for the phase ¢ by using the Fourier
transform in the lateral spatial coordinates and differential
operators acting on I (z, y; z) (see details in Appendix A).
Important numerical challenges render phase recovery an
ill-posed problem. Techniques such as Tikhonov regulariza-
tion (Sixou et al. 2013), Total Variation (Cheng et al. 2009),
or Gaussian smoothing (Nakajima 1998) can mitigate insta-
bilities, but they complicate the retrieval of low spatial fre-
quency components. Additionally, approximating W
through finite differences is susceptible to noise: a small
distance yields better detail recovery at the cost of worse
Signal-to-Noise Ratio (SNR), while larger distances worsen
the paraxial approximation, under which the TIE is valid.
(Zhu et al. 2014; Zuo et al. 2020). These issues can be ad-
dressed by increasing the number of acquisitions. While ef-
fective, this adds overhead to the method, making it less
practical for real-world applications.
Another solution is to employ polychromatic illumina-
tion, such as white light. This configuration is useful for
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phase quantification because the intensity observed at the
defocus plane can be interpreted as imaging at multiple de-
focus distances (Zuo et al. 2020), as we show in Figure 1.
Nevertheless, a naive application of this idea results in a
blurred diffraction pattern due to the superposition of the
different defocus point spread functions at varying propaga-
tion distances. There is also blurring induced by temporal
coherence arising from the superposition of diffuse spots at
different axial propagation distances, resulting in an image
with fewer details. Nonetheless, this configuration can work
by using the wavelength-dependent characteristics of Fres-
nel diffraction and an RGB camera (Waller et al. 2010; Zuo
et al. 2015b). This results in a single-exposure phase quan-
tification method that effectively alleviates the problem of
mechanical defocusing in TIE phase retrieval.

Deep learning has recently emerged as a powerful tool
for addressing image reconstruction challenges (Wang et al.
2024b), including super-resolution (Li et al. 2021), inpaint-
ing (Lugmayr et al. 2022), and the reconstruction of under-
sampled MRI (Ahishakiye et al. 2021) and CT images (Li
et al. 2022). In the field of Quantitative Phase Imaging (QPI)
(Wang et al. 2024a), deep learning methods have demon-
strated superior phase estimation compared to traditional 2-
shot and single-image QPI techniques (Zhang et al. 2021;
Wau et al. 2022). These image reconstruction problems often
focus on minimizing the L1 and Lo norms, or other distance
metrics. Despite their effectiveness, these methods usually
provide blurry solutions and lack a way of modeling the un-
certainty in the model (Lehtinen et al. 2018).

Generative models have gained popularity because they
can produce more realistic reconstructions than regression
methods. Additionally, they model the uncertainty in ill-
posed inverse problems, providing a way to sample the prob-
ability distribution associated with the problem. Diffusion
models are generative likelihood-based models that have
been successfully applied to problems like under-sampled
MRI image reconstruction (Chung and Ye 2022), deblur-
ring (Li et al. 2023), image denoising (Chung et al. 2023),
and phase retrieval (della Maggiora et al. 2023; Zhang et al.
2021), showing great stability during training and providing
state-of-the-art sample quality.

To obtain the phase of an image, we propose using white
light as the image source with a polychromatic (RGB)
camera-based acquisition. Conveniently, microscopes with
such setups are commercially available and widespread in
clinical imaging. Since white light is polychromatic, we can
quantify phase using the induced defocus stack. Solving the
Transport-of-Intensity Equation (TIE) with these measure-
ments is possible in principle because different wavelengths
can be translated to different defocus distances under the
same wavelength (Zuo et al. 2020; Waller et al. 2010). Math-
ematically, the TIE model given by (1) can be reformulated
using an auxiliary variable ¢ = Az, since both z and A\ are
related in equation (1). Consequently, the TIE can be ex-
pressed in terms of ¢ as follows (Waller et al. 2010):

01 (x;€)
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The main advantage of this formulation is that it allows to
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Figure 1: Example of optical system. The defocus distance
A f induced by chromatic aberration depends on the focal
lengths f; and f5. The resulting Af for a specific wave-
length A corresponds to variable z in (2).
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perform phase recovery while maintaining a constant defo-
cus plane z (Waller et al. 2010). It also maintains the advan-
tages of the previous TIE formulation, such as only requiring
partial temporal coherence. Finally, to solve the equation for
, we can use the color filtering that any digital color camera
provides and obtain the required differentially defocused in-
tensity images without the problems introduced by capturing
multiple defocus planes.

To circumvent the issues present with using chromatic
aberrations as the defocus stack, we propose the use of a
diffusion model to solve this problem as an instance of con-
ditioned probabilistic sampling and quantify the phase using
polychromatic image acquisition with a white light-based
source, achieving high accuracy.

3 Methods

Sections 3.1 and 3.2 describe our formulation for TIE and
the design of a sample dataset for learning phase recovery.
Sections 3.3 and 3.4 describe our use of diffusion models to
solve phase recovery as an instance of conditioned sampling.

3.1 Forward Model

Consider a thin object T'(x) = A(x)e’*™), measured in
z = 0. The equation for the intensity image under partially
incoherent illumination (Zuo et al. 2020) is

I(x;2, A
. ’ 2
/T(X’)hz,)\(x —x)e?™ ¥ dx’| du

)
S(u)

- [ st

where S(u) and I, correspond to the Fourier transforms of
the source and the image, respectively, and & is the system’s
impulse response. This suggests that the observed intensity
image is a superposition of all the coherent images obtained
from the source. Under the paraxial approximation and as-
suming that the source is a coherent plane wave, that is,
S(u) = 6(u), the image can be obtained by the Fresnel in-
tegral given by equation (2).

In polychromatic acquisitions, the sensor is usually sensi-
tive to a specific bandwidth. Generally speaking, a polychro-
matic sensor is built as an array of monochromatic sensors
sensitive to three main components: red, green, and blue.
Each has a different sensitivity to each wavelength. The sen-
sor’s quantum efficiency determines how much energy each
frequency transforms into a signal. Given this model, the
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system can be expressed as a function of the power spec-
tral distribution (PSD) Sy (u) (Zuo et al. 2020). Then, the
intensity image is given by

I(x;z)
— / / S/\(u)‘ / T(x')hop (x — x')e2™ dx’ 2dud)\

= / Sx(u) Iy x (x)dudA. )
This means that the resulting intensity image is equal to the
superposition of the different power densities within the de-
fined bandwidth, i.e., the average of all images produced by
the different coherent wavelength components.

3.2 Dataset Simulation

To simulate polychromatic acquisitions, we use the Ima-
geNet dataset (Deng et al. 2009). Each image undergoes
a grayscale conversion and is treated as a pure phase ob-
ject. Then, we simulate the image under a fixed defocus dis-
tance z randomly selected between 0.1um and 3um. For the
simulation, we use the Fresnel propagator for each wave-
length ranging from 400nm to 700nm with equal contribu-
tion, discretizing with 6nm increments. For each increment,
the source is viewed as a coherent plane wave. Since the
quantum efficiency of the sensor influences the signal cap-
tured by the detector, we simulate a Gaussian distribution
for each channel centered at A\, = 630nm, A\; = 550nm,
and )\, = 450nm respectively. We model the quantum effi-
ciency of the sensor using the following function:

A=2e)?

Qc(N) = e

where o, is a parameter representing the sensitivity of the
sensor to the corresponding wavelength. To model the PSD
for a specific channel ¢ we assume the model Sy(u) =
0x(u)Q.(N). Replacing in (4), we get a single integral with
respect to the A variable, which is approximated as:

1 w
IC(X;Z) = W E Qc(Ai)I(X§Z7)\i)7
i=1

where ¢ denotes the respective channel. The wavelength
range is divided into 6nm-sized intervals, and the left end-
point \; and size 1/W of each interval are used for a Rie-
mann sum approximation of the integral in (4). Finally,
white Gaussian noise is added to the image to simulate the
noise in real acquisitions. This procedure allows us to con-
struct a dataset of polychromatic acquisitions along with the
correspondent phase of the images, which we use to train a
deep learning model for phase reconstruction. Our method-
ology is based on diffusion models and explained in Sections
3.3 and 3.4. See Figure 12 in the appendix for more details.

3.3 Conditional Denoising Diffusion Models

Phase recovery is considered ill-posed, meaning that a given
acquisition may be consistent with multiple different phases.
Hence, we frame the problem as an instance of conditioned
sampling, which explicitly accounts for the uncertainty of



the recovery. Suppose we have access to a dataset of input-
output pairs, denoted as D = {(X;,Y;)}¥,. We model
these samples as coming from an unknown _]01nt distribu-
tion ggaw (X, Y'). In our context, X corresponds to a sample
drawn from polychromatic image acquisition, and Y corre-
sponds to the phase of the image.

Our objective then becomes to learn an approximate way
of sampling Y ~ @qaea (-] X), for any given X. To do this we
propose the use of Conditional Variational Diffusion Mod-
els (CVDM) (della Maggiora et al. 2023). In this frame-
work, the basic setup is the existence of a forward pro-
cess {Yi}ie0,1], where Yp ~ qgua(-| X)) and the evolution of
the process is given by the following stochastic differential
equation (SDE) (Song et al. 2021):

a0y, = —%ﬁ(t,X)Ytdt +VBE X)W, ()

where 3(t, X) is a variance schedule function. The intu-
itive idea is that noise is gradually added to an initial sample
Yo ~ Qqgaa(-]X), such that Y7 at the end of the process is
close to a N/(0, I') variable. For this process, we denote the
density at time ¢ by ¢;(-|X). The interesting part is learning
to (approximately) reverse this forward process. This gives
rise to a reverse process { Z }4¢[0,1), Whose density at time ¢
we denote by p; (| X), where we aim to have p; = g1 .

Specifically, the reverse process starts with po(-|X) =
q1 (-] X). It is known that ¢; approximates a (0, I') distribu-
tion, so this step is usually implemented as Zy ~ N(0, I).
After sampling Zjy, the reverse dynamics (given by a dif-
ferent SDE) are simulated until we get Z; ~ p1(-|X) =~
(data(*]X). This can be done in different ways (Ho, Jain, and
Abbeel 2020; Song et al. 2021), usually via a score or noise-
prediction model. In CVDM, a noise-prediction model is
learned, and the reverse process is simulated via ancestral
sampling (della Maggiora et al. 2023).

We now explain the way in which CVDM learns and
simulates the reverse process. Given equation (5) it can be
shown (della Maggiora et al. 2023) that the process {Y;}
conditioned on Yj evolves such that

@([Y =Y, X) = (\/ (t, X)Y, (1 — tX))I) ©)

where y(t, X) = e~ Jo B(s:X)ds Here, ~ is also referred to
as a variance schedule function. It captures the longer-term
dynamics of the forward process, while 3 controls the in-
stantaneous rate of change according to (5). Interestingly,
for any s < t we have that ¢;(-|Yy = ys, X) is also nor-
mally distributed, and Bayes’ theorem implies that the pos-
terior distribution is a Gaussian too (Kingma et al. 2021;
della Maggiora et al. 2023):

qS(D/;f = thO = }/?X)
= N(a(yt,Y,s,t,X),J(s,t,X)I) @)

for s < t. Here, the functions « and ¢ have an explicit form
in terms of the schedule functions 5 and ~. In CVDM, this
motivates the modeling of the reverse process such that

P1-s(-|Z1-¢ = y¢, X)
= ./\/(oz(yt,Yl,, s,t, X)), o(s,t,X)I)

®)
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for s < t. The only difference between (7) and (8) is that Y’
is unavailable in (8) and hence replaced by a learned model
Y. (y¢,t, X). Equation (8) is the key tool used in CVDM
to simulate the reverse process. Concretely, first a partition
(to,...,tn) of [0,1] is chosen. Then, Zy ~ N (0, I) is sam-
pled. Finally, equation (8) is used to iteratively sample Z;
given Z,,, until Z; = Z;, is obtained.

The main thing left to explain is how the predictor Y, is
trained. First, notice that equation (6) leads to the following
parameterization. Conditioned on Yy = Y, the variable Y;
can be written as

Yi(Y,e) = Vv, X)Y + /1 —~(t, X)e (9

where € ~ A(0,1). A natural approach to learn Y, is to
maximize the log-likelihood term E(x y)~qy, [P1(Y]X)].
CVDM and other diffusion models use a variational lower
bound to get a more tractable expression. In the end, a dif-
fusion loss term is obtained, which after some simplification
corresponds to (della Maggiora et al. 2023):

i+1

Lan(X,Y) = 5Eey ||V = Y, (Ya(Y;2),8, X) |5

This measures how well we can guess Y given the value
of Y;, when the process starts from Yy = Y. The goal
then becomes to minimize E(x y)~ gy [Laitr(X, Y)]. Exper-
imental results (Ho, Jain, and Abbeel 2020) show that re-
parameterizing the model to guess the Gaussian noise € im-
proves accuracy. Hence, CVDM learns a noise-prediction
model €, via a loss term L;o;se €quivalent to L.

A key advantage of CVDM in comparison to SR3 (Sa-
haria et al. 2021) and other conditioning diffusion methods
(Dhariwal and Nichol 2021) is that it allows for automati-
cally learning the schedule functions. This avoids the need to
fine-tune S and « by hand, which is costly. However, when
learning these functions it is necessary to ensure some ba-
sic properties, which are encoded in two loss terms L£5(X)
and Lyior(X, Y). Moreover, a regularization term £ (X) is
needed to avoid pathological schedules. The final loss func-
tion used in CVDM is hence given by

Lovom = E(xv)mgun |
Eﬁ (X) + Eprior(Xa Y) + ‘CHOiSC (Y7 X) + aﬁ"/ (X)] )

where a is the weight of the regularization term L., . In prac-
tice, a Monte Carlo estimator of Lcypy is optimized by us-
ing the available {(X;,Y;)}Y, samples. For more details,
see Appendix B.

3.4 Zero-Mean Diffusion

A standard practice in diffusion models is to normalize all
data to the [—1, 1] interval. This improves numerical stabil-
ity but becomes an issue for quantitative imaging because
the reconstructed data loses direct physical interpretation. In
this work, we propose an alternative to normalization called
Zero-Mean Diffusion (ZMD), which avoids this problem
and has an interesting theoretical basis.

Concretely, we use a simple regression model to learn the
expected value of the sample data, in conjunction with a dif-
fusion model which predicts the difference between the re-
gression model and the actual sample. This type of strategy



has been used before, with several works showing that mod-
eling residuals instead of the full objective can be simpler
and lead to better results (Li et al. 2021; Yang, Srivastava,
and Mandt 2022). In addition, theoretical analysis suggests a
reason for the high reconstruction quality achieved by ZMD.

As explained in Section 3.3, we are interested in sam-
pling from a conditional distribution ggu,(-|X). The ap-
proach via diffusion models is to define a stochastic for-
ward process {Y} };¢[0,1], Which evolves according to (5) and
such that go (| X)) = qgawa(-|X). The forward process can be
approximately reversed by starting at Zy ~ po(-|X) with
po = N(0,I) ~ ¢, and then simulating the reverse dynam-
ics until we get Z; ~ p1(+|X) with p; & ¢o = Qdaw, Which
is the distribution of interest.

We now formally describe ZMD. We define a new
stochastic (forward) process {Y;} given by Y; = Y; — p,
for t € [0,1] where p1; = Eqg, (.| x) [Yz] is the expected value
of Y;. Notice that, similar to our convention with Y; and Z;,
we omit explicit reference to X when talking about Y; and
e We do this to simplify notation since the conditioning
data X remains fixed. An important property of the centered
process {Y; } is that it also evolves according to (5).

Proposition 1. The process {fft} given by Y, =Y, — Lot
evolves according to the following SDE:

47, = — 5B, X)Vadt + /BE X)W,

The proof can be found in Appendix C. Proposition 1 pro-
vides an alternative sampling scheme for ¢o(-| X)) via diffu-
sion models. The idea is to use CVDM as outlined in the
previous section but applied now to the {Yt} process. We
use an analogous notation for this method version so that
Gt (-] X) denotes the density for this process at time ¢. Our
main goal is learning to simulate a reverse process {Z; },
characterized at time ¢ by a density p;(-|X) and where the
key property is p; ~ G1—¢.

Proposition 1 guarantees that the dynamics of {fﬂ} are
exactly the same as those of {Y; }, which means CVDM can
be implemented in the same way as before, that is, by us-
ing the same parameterization and minimizing the loss func-
tion Lcvpm. Nonetheless, there is a caveat. As described in
the previous section, in practice, a Monte Carlo estimator of
Lcypw is minimized by using the available {(X;,Y;)}Y
samples. For ZMD, the Monte Carlo estimator would need
access to {(X;,Y; — po) })¥., samples. Hence, ZMD needs
the value of yi or at least a good estimate.

Our solution is to define a learnable function p9(X) to ap-
proximate (9. To make sure the approximation is accurate,
we use the following loss term

2
Lnean = Ex, g 1Y = 101

which is now included in the full ZMD loss function:

(10)

(1)

where w controls the relative weights of the terms. For L eqn,
the expected value is calculated with respect to (X,Y) ~
Qdata- On the other hand, for Lceypy the expected value is

Lzvp = Levom + WLmean,
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with respect to (X,Y) ~ Ggaa, Where Gqua represents the
distribution of (X,Y — pg). This is because CVDM is now
learning to reverse the centered process {f@} In practice,
we optimize over many iterations. For each one, we simulate
(X,Y) ~ Gaua by sampling (X,Y") from our dataset, and
setting Y = Y — pg(X). As pg improves, this procedure
becomes increasingly better at approximating the sampling
we need.

Once all models have been trained, we can use ZMD to
approximately sample from qo (-| X)) = gqawa (-] X) by follow-
ing an almost identical procedure as that of standard CVDM:

1. Equation (10) implies g1 ~ N(0, ). Hence, a good ap-
proximation for po is N (0, I).

. After choosing a time discretization (to,...,tx) of the
[0, 1] interval, equation (8) can be used used to iteratively
sample Z;, , given Z;,, until getting Z1 = Z; . If the
noise-prediction model €, is accurate, then it holds that
Zy ~ p1 with p1 = go.

The previous two steps produce a sample Z; ~ ¢y. To
get an (approximate) sample from the distribution of interest
qo(:|X), we compute Z; + pp(X). This can be understood
intuitively. Since pg (or its estimate pig) is subtracted at the
start of the forward process, it must be added back at the end
of the reverse process. For the mathematical formalization
of this idea, please see Appendix C.

As shown in Section 4, ZMD works very well as an al-
ternative to the standard practice of normalizing data to the
[—1,1] interval. Hence, it provides a robust way of using
diffusion models for quantitative data. Besides these strong
empirical results, there is a deeper theoretical consideration
underlying the performance of ZMD. To explain this, we
will use pi® to denote the distribution of the random vari-
able 71 + po where Z7 ~ p1.

Standard CVDM (Section 3.3) can be used to sample
from a distribution p;, while ZMD can be used to sample
from a distribution p"°. Both p; and p}® should approximate
40(*|X) = Qaaa(+-]X), so it is natural to ask which method
leads to a better approximation. To answer this question,
we could compare Dy (qo||p1) with Dky(go|py®). While
these divergences cannot be computed analytically, there are
known upper bounds for them, which we denote M (p;) and
M (p'°), respectively. Our main theoretical result is that the
upper bound for ZMD is always better.

Theorem 1. For the stochastic processes as defined in Sec-
tions 3.3 and 3.4, and for any distribution qq, it holds that
M(py°) < M(p1).

The proof can be found in Appendix C. We conjecture
that this theoretical advantage of using a centered forward
process may be one of the reasons for the good performance
we get when using ZMD. Notice that this only holds if we
have access to an accurate model zg of .

4 Results

To evaluate our model, we conduct three distinct experi-
ments. First, we generate a set of synthetic samples analo-
gous to those in the training set. Second, we acquire four



through-focus stacks (which allow us to compute a ground
truth) and subsequently test our method on these images.
Finally, we use an uncurated clinical dataset comprised of
real-world clinical images. While ground truth data is un-
available for this dataset, we compare our results with refer-
ence values reported in the literature. For the first two exper-
iments, we include 2-shot (using two images to measure the
phase) acquisition methods as additional reference values. In
all reported results, “2s” stands for the 2-shot modality, “p”
for the polychromatic (single exposure) modality, and “MP”’
refers to the metrics obtained by the regression model pig,
which serves as a baseline.

4.1 Synthetic Images

To validate the model’s performance, we use the HCOCO
dataset (Cong et al. 2019) to simulate synthetic examples.
Table 1 shows the results, and Figure 2 shows a qualitative
comparison of the methods. We also measured in the poly-
chromatic modality the difference of the regression (MP)
baseline of ZMD against the full method. The regression
baseline achieved a MS-SSIM of 0.95 + 0.02 and a MAE
of 0.06 £ 0.02.

Us TIE US TIE ZMD ZMD

(2-shot) (polychrom) (2-shot) (polychrom)

Figure 2: QPI methods assessed using synthetic images from
HCOCO. The colorbar goes from 0 to 1

Metric/Model USTIE (2s) USTIE(p)  ZMD (2s) ZMD (p)
MS-SSIM (1) 091 £0.05 081 £0.09 0944003 097+ 0.02
MAE () 0.114+0.04 0144005 008+002 0.06 =+ 0.02

Table 1: Performance metrics for Synthetic HCOCO (aver-
age value and standard deviation over dataset).

4.2 Through-focus Images

We assessed our approach using four stacks of clinical urine
microscopy samples, each acquired as a through-focus se-
ries. The ground truth phase was obtained by solving the
TIE using US TIE as solver (Zhang et al. 2020). To obtain
an accurate ground-truth we estimated 91 (z, y; z) /0% using
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US TIE US TIE ZMD ZMD
(2-shot) (polychrom) (2-shot) (polychrom)

GT
-
n
GT
c

Figure 3: QPI methods assessed using clinical microscopy
images depicting two overlapping (two upper rows) and an
individual (two lower rows) epithelial cells. Scale bar (upper
leftmost image) is 50 pm. The colorbar goes from O to 1

Sample USTIE(2s) USTIE(p) MP(p) ZMD(2s) ZMD (p)
1 0.61 0.65 0.78 0.91 0.82
2 0.63 0.78 0.88 0.86 0.89
3 0.74 0.68 0.83 0.81 0.88
4 0.78 0.74 0.84 0.75 0.86

Table 2: MS-SSIM on Through-Focus Brightfield Images.

Sample USTIE(2s) USTIE() MP(p) ZMD(2s) ZMD (p)
1 0.20 0.10 0.09 0.04 0.08
2 0.27 0.07 0.06 0.06 0.05
3 0.18 0.13 0.10 0.11 0.10
4 0.18 0.10 0.09 0.10 0.09

Table 3: MAE on Through-Focus Brightfield Images.

a 20th-degree polynomial fitted on each pixel of the volume
(Waller, Tian, and Barbastathis 2010). The optimization was
done considering the images at d = +2kum, taking k from
1 to 20. We compared our polychromatic method, utilizing
a defocus distance of z = 2um, against the 2-shot ZMD and
US TIE methods, which were evaluated at z = +2um. Dif-
fusion models were trained only on synthetic data. Figures 3
and 9 (Supplementary Material) display the reconstructions
for all stacks, while Tables 2 and 3 present the MS-SSIM
and MAE scores for each sample and method, correspond-
ing to the rows in the figures. The first two samples are in
Figure 3, and the next two are in Figure 9.

4.3 Clinical microscopy dataset

To evaluate the applicability of our proposed methodology
to a real-world clinical context, we conduct experiments us-
ing the Urinary Tract Infection (UTI) dataset as outlined in
(Liou et al. 2024). The images in this dataset were acquired
for UTI patient condition evaluation in a point-of-care clin-
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Figure 4: Urine sample with red blood cells. From left to right: US TIE phase reconstruction, Mean Prediction, and Zero-
Mean Diffusion prediction. Regions of the image are enlarged to better show reconstruction details. Phase reconstructions are
quantitative, with values between 0 and 2.5 radians. Scale bar is 200 pm.

ical setting. Image acquisition was performed in a through-
focus manner with 200 defocused images separated by 1pm
each using an Olympus BX41F microscope frame, U-5RE
quintuple nosepiece, U-LS30 LED illuminator, U-AC Abbe
condenser, and two types of objectives: an Olympus Plan
20x/0.40 Infinity/0.17 (used in Figure 10) and a UPlanFL N
20x/0.5 UIS2 Infinity/0.17/OFN26.5 (used in Figures 3, 4, 5,
6 and 9). Polychromatic images were taken with a commer-
cially available digital scientific 16-bit color camera (Infinity
3S-1UR, Teledyne Lumenera) connected to the frame of the
microscope using a 0.5x C-mount adapter. We calculate the
phase on images with both a small and a high number of ob-
jects. Figure 5 shows the phase quantification performed by
our model. Figure 4 shows the reconstruction for red blood
cells using three different polychromatic methods: US TIE,
Mean Prediction (that is, the regression model 19 of ZMD
without the residual prediction), and ZMD. Crucially, our
quantitative results are consistent with the values reported
in the literature, that is, between 1.8 and 2.3 rad (Park et al.
2019; Nguyen et al. 2017).

Estimated Phase

Figure 5: Phase quantification performed on clinical images.
Regions of the images are enlarged to better show the objects
in the image (epithelial cells). Scale bar (upper leftmost im-
age) is 200 pum.
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5 Discussion

Our method was tested in 2-shot and polychromatic modal-
ities, with ZMD showing significantly better performance
than US TIE in the latter (see Tables 1, 3, 4a, 4b). This high-
lights ZMD’s clinical potential, capturing fine morphometric
details of both flake-shaped epithelial cells and disk-shaped
red blood cells in urine, including their biconcave morphol-
ogy and overlapping cytoplasm. Results were validated us-
ing two microscopes with different objectives: a UPlanFL
N 20x/0.5 UIS2 Infinity/0.17/OFN26.5 objective (Figures 3,
4,5, 6, and 9) and an Olympus Plan 20x/0.40 Infinity/0.17
objective (Figure 10).

The improvement over the traditional 2-shot modality
stems from the model’s use of three RGB measurements,
enabling better noise handling and more reliable estimation
of the through-focus gradient and enhancing image quality.

In our experiments, ZMD recovered more structure than
US TIE and Mean Prediction, uniquely revealing the ring
cell morphology of red blood cells. As shown in Figures
3 and 4, US TIE produced cloud artifacts. Polychromatic
acquisitions inherently exhibit spatial and temporal inco-
herence, causing some blurring of diffraction patterns and
the quantified phase (e.g., Figure 3). Despite this trade-off,
ZMD’s improved noise handling and robust performance
highlight its potential for medical imaging applications.

6 Conclusions

We present a novel method for reliably quantifying phase
using chromatic aberrations rather than a purposely acquired
through-focus stack. To solve this problem, we apply a de-
noising diffusion model designed for quantitative tasks. We
show that this technique achieves high accuracy using a stan-
dard microscope frame with an RGB (color) camera, and our
method’s applicability is validated on clinical samples. As
all necessary hardware is commercially available and com-
monly present in clinical microscopy setups, our approach
holds significant promise for real-world clinical adoption.

Future work should focus on leveraging Physics-Informed
Neural Networks (PINNs) to solve the Helmholtz equation,
enabling more accurate wave modeling without the paraxial
approximation. This would address current limitations and
improve simulation realism. Additionally, creating a stan-
dardized QPI dataset is crucial for accurate evaluation and
benchmarking of different methods.
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