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1. Introduction
Directly extracting biomolecular structures from

noisy fluorescencemicroscopy images remains a fun-
damental challenge across the physical and life sci-
ences. Conventional image analysis techniques such
as thresholding and skeletonization tend to fail when
the signal-to-noise ratio is low. In this work, we pro-
pose a deep learning framework for reconstructing
the spatial conformations of DNA from single-frame
fluorescence microscopy images. Our approach inte-
grates a deep convolutional neural network encoder
with a graph-based decoder, explicitly capturing the
sequential continuity and geometric constraints of
DNA. By incorporating distance-aware structural rep-
resentations into the learning process, the model ro-
bustly maps noisy, resolution-limited fluorescence
images to high-fidelity unordered DNA coordinates.
An ordering network is then employed to connect
and reorder these unordered coordinates, recover-
ing a physically consistent and ordered DNA chain
structure, akin to the output from coarse-grained
simulations. This enables an end-to-end reconstruc-
tion paradigm that directly infers detailed DNA spa-
tial conformations from fluorescence images. Fur-
thermore, the proposed framework can serve as a
structure-aware image feature extractor that provides
observation spaces and reward signals for reinforce-
ment learning agent, enabling the exploration of
structure-guided DNA conformation regulation and
shape manipulation tasks. This work offers a new
AI-driven solution for DNA structure analysis under
single-molecule imaging conditions and lays the foun-
dation for downstream intelligent decision-making
applications.

2. Methodology
2.1 Related work
Traditional filament tracing pipelines based on seg-

mentation/skeletonization or active-contour models
have been widely used to extract polymer-like struc-
tures; however, their performance often degrades
under common fluorescence microscopy conditions
such as low signal-to-noise ratio, severe blur, and
structural overlap [1, 2]. In recent years, researchers
have attempted to use deep learning methods to in-
fer DNA conformations from fluorescence images [3].
Nevertheless, existing studies have mostly focused
on recovering coarse 2D DNA contours under rela-
tively stretched configurations, and the exploration
of complex conformations (e.g., coils, folds, and par-

tially stretched states) or high-precision coordinate
recovery remains limited.

2.2 Simulation data generation with PSF
To obtain large-scale paired training data, we

construct a physics-grounded simulation-to-image
pipeline that generates fluorescence images from
simulated DNA conformations.
DNA conformation simulation. The Langevin

equation describes the motion of a DNA chain in so-
lution [4]:

dr𝑖
d𝑡

= u(r𝑖 ) +
1
𝜁

(
Fev + Fc + Fbr

)
, (1)

where r𝑖 is the position of bead 𝑖, u(r𝑖 ) is the back-
ground flow velocity, 𝜁 is the drag coefficient of a sin-
gle bead, and Fev, Fc, and Fbr denote the excluded vol-
ume, constraint, and Brownian forces, respectively.
We employed a predictor–corrector scheme [5] to

determine thepositionof eachbead at every time step.
The enforcement of rigid-rod constraints leads to a
system of nonlinear equations for the rod tensions𝑇𝑖 ,
which we solved using Newton’s method.
PSF-based fluorescence image formation. To syn-

thesize realistic fluorescence microscopy images, we
adopt the Gibson–Lanni point spread function (PSF)
model, which describes 3D imaging of fluorescent
structures under a widefield microscope [6]. To re-
duce computational cost, we employ a fast approxi-
mation of the Gibson–Lanni model by expanding the
original integral formulation into a truncated series
of Bessel basis functions [7]:

PSF(𝑟, 𝑧, 𝑧𝑝 ,p) ≈
�����𝐴 𝑀∑︁

𝑚=1
𝑐𝑚 (𝑧) 𝑅𝑚 (𝑟,p)

�����2 , (2)

where 𝑟 is the radial coordinate in the image plane, 𝑧
is the axial coordinate of the focal plane, 𝑧𝑝 is the ax-
ial location of the point source in the specimen layer
relative to the coverslip, and p = (𝑁𝐴,n, t) denotes
the microscope parameter vector. Here 𝐴 is a nor-
malization constant, 𝑐𝑚 (𝑧) are fitted coefficients, and
𝑅𝑚 (𝑟,p) are precomputed radial Bessel basis func-
tions.

2.3 Model overview
Let 𝐼 denote a single-frame fluorescence image. A

CNN encoder extracts multi-scale feature maps from
𝐼 . These features are used to infer an unordered set
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of 𝑁 DNA coordinates {x̂𝑖 }𝑁𝑖=1 via a graph-based de-
coder that performs message passing between pre-
dicted nodes. To encode polymer-specific structure,
we incorporate distance-aware representations into
the graph decoder, allowing the model to empha-
size locally consistent connectivity under strong im-
age blur. Finally, an ordering network takes the un-
ordered coordinates as input and predicts an ordered
chain sequence, yielding ordered DNA coordinates
X̂ = [x̂(1) , . . . , x̂(𝑁 ) ] suitable for downstream physical
readouts. The full pipeline is illustrated in Fig. 1.

Fig. 1: Overview of the proposed single-frame DNA
reconstruction framework

2.4 Results

Fig. 2: Qualitative comparison between ground truth
and predictions across diverse simulated DNA con-
formations

We evaluate our model on both synthetic simu-

lation data and real experimental microfluidic data.
Fig. 2 presents qualitative comparisons on diverse
simulated DNA conformations, where the first row
shows the input fluorescence images, blue points de-
note the ground-truth coordinates, and red points
indicate model predictions.
Ourmethod accurately reconstructs DNA contours

across stretched, coiled, and intermediate states,
demonstrating robust topology-consistent recovery
from single fluorescence frames.
We further evaluate the model on experimen-

tal fluorescence images of DNA molecules as they
stretch under electric fields in microfluidic chan-
nels. Fig. 3 shows representative reconstruction re-
sults for DNA under stretching conditions. Despite
the domain gap between simulation and experiment
(e.g., imaging noise, blur, and intensity variation),
our method remains effective in reconstructing DNA
stretching states from experimental single-frame im-
ages, demonstrating strong generalization capability
in realistic microfluidic settings.

Fig. 3: Reconstruction on real microfluidic fluo-
rescence images demonstrates simulation-to-
experiment generalization under stretching
conditions
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