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ABSTRACT

Fluorescence microscopy (FM) imaging is a fundamental technique for ob-
serving live cell division, one of the most essential processes in the cycle of
life and death. Observing 3D live cells requires scanning through the cell
volume while minimizing lethal phototoxicity. That limits acquisition time
and results in sparsely sampled volumes with anisotropic resolution and
high noise. Existing image restoration methods, primarily based on inverse
problem modeling, assume known and stable degradation processes and
struggle under such conditions, especially in the absence of high-quality
reference volumes. In this paper, from a new perspective, we propose a
novel tensor completion framework tailored to the nature of FM imaging,
which inherently involves nonlinear signal degradation and incomplete ob-
servations. Specifically, FM imaging with equidistant Z-axis sampling is
essentially a tensor completion task under a uniformly random sampling
condition. On one hand, we derive the theoretical lower bound for exact
cell tensor completion, validating the feasibility of accurately recovering 3D
cell tensor. On the other hand, we reformulate the tensor completion prob-
lem as a mathematically equivalent score-based generative model. By in-
corporating structural consistency priors, the generative trajectory is effec-
tively guided toward denoised and geometrically coherent reconstructions.
Our method demonstrates state-of-the-art performance on SR-CACO-2 and
three real in vivo cellular datasets, showing substantial improvements in
both signal-to-noise ratio and structural fidelity.

1 INTRODUCTION

Cell division is one of the most fundamental processes of life-it drives growth and repro-
duction, yet also sets the stage for aging and death Sheldrake (I974); Winfer ef all (2024).
Observing the 3D membrane structure of cells during live cell division is essential for ad-
vancing biological research Chung et all (2003), which requires scanning through cell volume
alone Z-axis with the aid of fluorescent dyes. To minimize lethal phototoxicity, the scanning
time is strictly limited by XY-plane imaging at at equidistant intervals along the Z-axis.
As a result, 3D live-cell volume faces challenges like anisotropic resolution, and spatially
varying noise, as illustrated in Fig. 0. These constraints significantly compromise the
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spatial-temporal resolution of live-cell volumetric imaging, thereby impeding fundamental
insights in a wide range of biomedical fields Volefiefall (2019); [Ci“etall (2025).

Current most of image recovery algorithms are based on the inverse problem Wang et all
(2021), which aims to model the degradation mapping even the the degradation process is
unknown. As discussed in prior studies, many of these methods rely on supervised learning
with known degradation models, requiring large paired datasets of high- and low-quality
images, such as SRCNN Dong et all _ (2016a), FSRCNN D (20T6K), and DDPM Hd
Bfall (2020a). These approaches are less suited to 3D ﬂuorescence microscopy, where high-
quality references are not available. To mitigate the reliance on paired data, unsupervised
methods like CycleGAN Zhu et all (2007), CinCGAN NYuan_ef all (201R), and Deep Image
Prior (PiR) have been proposed. Additionally, recent eﬁorts using self-
supervised learning Ning et all (2023); (2024); Park et all (2022) and transformer-
based architectures Li_ef_all (20234); W g (2024K) have shown promise. A more
detailed discussion of related work is provided in Appendix Q.

However, FM imaging involves a nonlinear and complex imaging process influenced by
excitation, fluorescence emission and sample heterogeneity Lichfman & Conchelld (2005);
Xuef-all (2024). This process is further complicated by high noise levels and incomplete
signal acquisition due to attenuation and scattering. Traditional inverse problem methods,
which rely on linear models and known physical assumptions Solef all (2024); Mo ef_all
(2023); Huief-all (2024), struggle to accurately capture the underlying core pattern of 3D
live-cell with such complexity. Under noisy or incomplete conditions with equidistant Z-
axis sampling, these methods often become ill-posed and produce unstable or ambiguous
reconstructions Yu & Elmokadem (2019); Genzel ef all (2022), as shown in Fig. O, which
limits their reliability for life science applications. The details are presented in Section B.

In this paper, we first highlight that most image restoration approaches grounded in inverse
problem formulations may adversely affect the accuracy and fidelity of 3D cell recovery.
Then, we propose a cell tensor completion model, derive the cell-recovery bound and uncover
its equivalence to a conditional diffusion framework to counter the evil. Specifically, our
contributions are summarized as follows.

* From a new perspective, we introduce a tensor completion model targeted for 3D FM
imaging. This model not only aligns with the nature of FM imaging, like nonlinearity and
incompletion, but also offers a principled framework for capturing the underlying structural
patterns of cell volumes, enabling accurate 3D cell recovery. Furthermore, we derive the
lower bound for exact 3D cell completion based on the proposed cell tensor completion
model.

* Through solving the proposed cell tensor completion model, we derive a mathematically
equivalent score-based diffusion model by reformulating the low-rank tensor recovery as a
conditional generative process. This model is further guided by structural consistency priors
to steer the generative trajectory toward accurate and denoised 3D FM reconstruction.

e Evaluations on SR-CACO-2 and three real in vivo cellular datasets confirm that our
method outperforms existing approaches, with clear gains in both SNR and structural fi-
delity.

2 PROBLEM FORMULATIONS

2.1 3D FM LivE CELL IMAGING

FM imaging is a complex process involving light excitation, fluorescence emission, and
diffraction through optical components [ichfman & Conchelld (2005), all of which are non-
linear and influenced by diverse optical and biological interactions Xu ef-all (2024). It is
further challenged by high noise levels—such as optical noise, background interference, and
low SNR-especially under low-light or high-speed conditions Il]__e.iﬁﬂ (P023H). Additionally,
due to sample heterogeneity and signal attenuation or scattering, the captured data are
often incomplete Pinkard et all (2021). An illustration of the FM imaging process is shown
in Fig. M.
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Figure 1: Illustration of the FM imaging process and comparison of reconstructed results
across different methods. The schematic (left) shows the fluorescence imaging pipeline,
where excitation light passes through optical components and interacts with the specimen
before being detected. Raw observations are corrupted by noise and optical degradation.
Reconstructed images using inverse-problem-based methods (e.g., IPG, CycleGAN) often
suffer from hallucinated structures and residual noise.

Most of image restoration methods based on inverse problem modeling typically assume
linearity and well-defined physical models Sol"ef-all (2024), which fail to capture the non-
linearities and sample complexity inherent in FM imaging Hui_ef all (2024). Under noisy
conditions, these models often become unstable Antun_ef~all (2020), where minor input
perturbations lead to large reconstruction errors Genzel'ef_all (2022). Such limitations re-
sult in unreliable reconstructions, which are unacceptable in life science applications, as
demonstrated in Fig. .

)
~—

ly = F(Ix;8), (1)
where Iy denotes the low-resolution image, ly is the high-resolution estimate, and F(-)
represents the restoration model, approximating the inverse of the degradation process D().
Although D is typically unknown and influenced by various factors, it is often simplified
as a single downsampling operation: D(ly;8) = (ly) s, where s 0 and ls denotes
downsampling with scale factor S, typically via bicubic interpolation with antialiasing Wang
efall (2020).

Compared to inverse problem-based methods, tensor completion offers key advantages for
FM imaging. In 3D FM cell scenarios with the nature of nonlinearity and incompletion,
tensor completion effectively leverages the low-rank structure of multi-dimensional data to
recover missing information Goldfarb & Qin (2004) , with inherent robustness to noise
Wang et all (2025), where inverse methods often suffer from instability. As a result, tensor
completion can yield more consistent and reliable reconstructions—crucial for downstream
life science applications. More details of the motivations and advantages are presented in
Appendix B.

2.2 TENSOR COMPLETION MODEL FOR 3D FM CELL RECOVERY

The observed tensor Yq can be decomposed into a underlying clean tensor X and a residual
E representing stochastic deviations:

Yo = Xq + Eq, (2)

where X represents the structurally consistent volumetric fluorescence signal. While the
physical imaging process follows a Poisson model, for the purpose of missing-slice recon-
struction, the additive abstraction in Eq. B is sufficiently expressive to capture the decom-
position into coherent structural content and non-ideal perturbations (see Appendix for a
detailed physical derivation).

From the above discussion, the basic tensor completion formulation is shown as follows:
Specifically, given a tensor T~ R'*>" X! with observed entries on index set Q, the recovery
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Figure 2: Overview of the proposed framework. We rst model 3D uorescence microscopy
(FM) restoration as a tensor completion task, capturing the nonlinear degradation and
partial observation inherent in FM imaging. Then, we reformulate this task into a math-
ematically equivalent score-based generative process, revealing a principled connection to
conditional di usion modeling. Finally, we introduce structural consistency priors to guide
the generative trajectory, enabling accurate and denoised 3D cell volume recovery.

is formulated as the solution to the following convex optimization problem to recoverX that
adheres to both structural priors and natural image characteristics:

n;(inkxk st. P (X)=P (T); (3

As 3D FM cell volumes are typically incomplete due to the nonlinear imaging process, the
sampling of cell entries in the tensor completion formulation,P (X), with an appropriate
sampling distribution, e ectively captures the incompleteness introduced by fast volumetric
scanning in FM imaging. To address the noise inherent in the FM imaging process, the
tensor completion model should exhibit robustness to noise. Thus, we further optimize the

formulation: )
Tlg kXk + 1kEk

(4)
st. P X+E=Y; X O

where kXk denotes a tensor nuclear norm (e.g., tubal nuclear norm), enforcing low-rank
structure, KEk; penalizes sparse noise or corruption? is the projection operator onto the
observed entries.

By modeling 3D cell recovery as a tensor completion problem, it becomes possible to more
e ectively address both the issue of missing entries and inherent noise in the cell tensor,
thereby achieving better alignment with the imaging nature of 3D cellular structures. It is
worth noting that this formulation still lacks the capacity to capture the underlying core
pattern of the cell volume, which will be introduced in Section 3.1.

2.3 Lower Bound for Exact Cell Recovery

In this subsection, we derive the lower bound for exact cell recovery under the formulation
of Eq. 4, based on a sampling distribution that aligns with the characteristics of FM
imaging.

First, we present the lower bound for exact cell recovery under the formulation of Eq. 3,
and further extend it to the more general formulation given in Eq. 4. The lower bound for
exact cell recovery under Eq.3 is shown as below. To conserve space, the proof is provided
in Appendix E.
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Theorem 1 (Exact Recovery Lower Bound under Eq. 3) Let, be a uniformly sam-
pled subset ofl 1] [1 ] and T be the solution to (1) with i = r =lj. The reason
of the sampling of FM imaging serving as a uniformly sampling is shown in Appendi.
There exists a constantc, > 0 depending onk only so thatPff = Tg 1 | if

1

= maxf [ (T)r; (T)g; 5)
and

ni=jj a&@+ ) ( + 22r* togl)?
; . (6)
+ k=2 1k D=21322(1991)2

where | = max; |, r denotes the e ective rank of the tensor, and is normalized rank

scaling factor. Thus, the requirements of exact cell tensor recovery under i©((rl 32 +
2 2
r<l)log-l).

Theorem 2 (Exact Recovery Lower Bound under Eg. 4) let T = X + E 2
R': 'k be a tensor consisting of a low-rank componenX and a sparse corruptionE,
with observed entries given by index set  [l4] [Ik]- Suppose the support oE is

uniformly distributed within , and sparsity level iss = kEky. Then there exists a constant

C > 0such that exact recoveryX = X ; E = E holds with high probability provided the number
of observed entries satis es:

ij C rn%?+s lod’l; (7)

In the experiment section, we estimate the rank of the cell tensor and observe that, under
the sampling rate of confocal uorescence microscopy, the number of observed entries in
the 3D cell volume exceeds the derived lower bound. This indicates the possibility of exact
recovery for 3D cell structures.

3 Proposed Solution

As discussed above, the robust cell tensor completion in Eg4 is better suited for handling
FM imaging with nonlinearity and incompletion. In this section, we further provide a
principled solution to this optimization problem with capturing the core pattern underlying

3D cell. Then, we derive the equivalence between this solution and a conditional di usion
process, elegantly reformulating low-rank tensor recovery as a conditional generative process.
The details of the proposed method can be seen in Fig2

3.1 Tucker Decomposition-based Solution

For Eq. 4, the Tucker decomposition is an e ective tool as it models the 3D FM cell
through a low-rank core tensor and mode-speci c factor matricesKolda & Bader (2009.
This allows it to extract global spatial correlations, reduce redundancy, and isolate the
dominant structural components across di erent dimensions making it particularly suitable
for recovering incomplete and noisy 3D biomedical images. Then, the Tucker decomposition
is shown as:

X=G ; u® 2U(2) 3u(3); (8)
whereG 2R 2 s andU(M 2 R!n " are the core tensor and factor matrices, respectively.
The reformulated optimization becomes:

min  kGK + 1kEk st P (G U® L,U® LuU®+E=Y: (9)
G;fumgE

We decompose the original problem into subproblems and apply an alternating update
scheme over the core tensor, factor matrices, and sparse error. The update steps itera-
tively re ne the recovered tensor, gradually denoising and completing the missing entries.
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However, due to challenges in modeling noise and handling sparse sampling, a closed-form
solution is di cult to obtain under minimal assumptions.

We address this using the strategy detailed in AppendixF, which decomposes the problem
into tractable subproblems and solves it via alternating updates. The key processes are
summarized as follows:

Step 1: Update the core tenso&'*? . Given the factor matricesfU(™ g3_, , the sparse noise
estimate E¥), and the dual variable ), we update the core tensoiG**? by solving a least
squares problem:

2
Gt = argmin |<G|«§+E P G U®D L,u® ;u®+ED v + O 5 (10)

where () is the dual variable. Step 2: Update the factor matrix U . Fixing the newly
updated core tensorG**Y) | we sequentially update each factor matrixU(") by minimizing
the projection error with respect to observed entries:

2
U(“):argmLiJn P G™Y L u® aU sUG + EO y i n=123

(11)
Step 3: Update the sparse noise tensde(!*D) . After reconstructing the current estimate of
the clean tensor, we update the sparse noise tensé'*!) via the soft-thresholding operation:

E®D = SoftThreshold - Y x @ ® (12)

where soft-thresholding is applied element-wise: SoftThresholdx) = sign(x) max(jxj

: 0). Step 4: Update the dual variable (*1) | To enforce the equality constraint in Eq. equa-
tion 4, we update the dual variable using the standard ADMM rule:

(t+) = O 4 p x4 ) v . (13)

Step 5: Reconstruct the low-rank tensorX (*1) . Finally, we reconstruct the full tensor
estimate X (**1) using the updated core tensor and factor matrices:

X (t+l) — G(t+1) 1 U(l) P U(z) 3 U(3) . (14)

As this optimization lacks a closed-form solution, it relies on iterative re nement. Interest-
ingly, this multi-step update process mirrors the reverse dynamics of di usion models. Moti-
vated by this connection, we next formulate a conditional di usion model that incorporates
structural consistency priors to guide accurate and denoised 3D FM image reconstruction.

3.2 Equivalence with Conditional Diffusion Framework

Interestingly, the multi-step re nement process above in our optimization closely resembles
the reverse trajectory of a di usion model. Motivated by this observation, we establish a
theoretical equivalence between our iterative solution and a conditional di usion framework.
Let the observed 3D FM image tensor be represented ag = X + E , where [11]
[12]1 [1s] denotes the index set of known entries, ance is additive sparse noise. The
solution to the robust low-rank tensor recovery problem:

min kXk + 1kEk st P (X+E)=Y; X 0 (15)

where Tucker projection X (t*1) serves as score-guided denoising, Sparse corruptidg®
models forward noise, and ObservationY provides the conditioning signal. Let X =
G ;UD U@ ;UG pe the Tucker decomposition of the clean latent tensor. Consider
the following iterative updates in ADMM Bai et al. (20169: rstly, Tucker Projection Step
(Structure prior inference):

2
X (t+D) =arg _min X (y E® (M) . (16)

2M  Tucker
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whereM tucker denotes the low-rank Tucker manifold. This is equivalent to a MAP inference
step under a Gaussian prior overX , constrained by the current denoised observatiorKress-
ner et al. (2014. In the language of di usion models, this mimics the learned score-function

r logp (XY ) Sohl-Dickstein et al. (2015. Let denote the learnable parameters of the
di usion model. Then, Sparse Noise Estimation (Forward process inversion):

ECD = prox . Y x B (O (17)

which corresponds to soft-thresholding the residual, and is equivalent to denoising Gaussian-
like noise in DDPM Ho et al. (20208. nally, Dual Variable Update (Lagrangian residual
accumulation):

) = 04 p (XD 4 gDy . (18)

Together, these three steps de ne a deterministic Markov transition:
(X (t); E(t)) I (X(t+1) ;E(t+l) ) (19)
which approximates the reverse sampling trajectory:
Xt 1= (xi9+ Oz (20)

in the di usion process conditioned on input c = Y , with the di erence that our method
achieves this without learning the score model, instead using manifold projections and prox-
imal operators.

When solved via an ADMM framework using Tucker decomposition ofX , yields an iterative
sequencefX (Vg that is mathematically equivalent to a discrete-time conditional di usion
reverse process, i.e., the Tucker-based iterative recovery process constitutes a deterministic,
optimization-driven analog of the conditional di usion reverse chain:

1 1
X 1= p= X Pe—— (i) + .z (21)
t t
where (=1 t, and ¢ is the noise variance added at stefi; ; id de ned as the cumu-
lative product: ¢ = ‘S:l s. t IS the variance of the Gaussian noise added back in the

reverse process. This equivalence not only provides theoretical insight into the optimization
procedure but also motivates a principled generative framework for 3D FM cell reconstruc-
tion. In the supplementary materials, we present the details of the conditional di usion
model with structural consistency priors.

4 Experiments

We evaluate our method on three 3D uorescence microscopy datasets, including SR-CACO-
2 Belharbi et al. (2024 and other in vivo cellular volumes. We focus on two tasks: 3D super-
resolution from sparse Z-axis sampling and denoising under low SNR conditions. Each of
the three C. elegansembryonic datasets was characterized by a distinct trade-o between
axial resolution, imaging speed, and biological viability. (1) C. elegans -1 features fast
Z-axis scanning with only 30 axial planes and high laser intensity. This con guration is
tailored for rapid volumetric acquisition in live-cell imaging, resulting in low axial resolu-
tion but relatively clean lateral membranes due to strong excitation. (2) C. elegans -2
represents a standard confocal acquisition protocol with 94 axial planes and medium laser
intensity. It provides a balanced benchmark for morphological delity and phototoxicity,

0 ering su cient axial density for reliable 3D membrane geometry reconstruction. (3) C.
elegans -3 employs high-density axial sampling with 200 planes. While it delivers the high-
est axial resolution and cleanest volumetric membranes, its extreme phototoxicity makes it
unsuitable for long-term full-lineage tracking, serving here as a near-ground-truth reference
for volumetric consistency. Due to space limitations, a more detailed analysis is provided in
Appendix A.
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4.1 Main Results

We compare our method with state-of-the-art baselines on SR-CACO-2 and twadn vivo
datasets using multiple metrics. The benchmarks include FM-speci ¢ and general restora-
tion methods. We also provide visual results and analyze temporal consistency and perfor-
mance distributions across datasets.

Table 1: Benchmark datasets used for uorescence microscopy image processing.

Dataset Volumes Axial Res. ( Z) Laser Intensity Imaging Scenario

C. elegans-1 120 30 High Fast live-cell tracking
C. elegans-2 220 94 Middle Standard development
C. elegans-3 60 200 High High- delity morphology

Table 2: Performance comparison of our method and other methods under SR-CACO-2 and
two datasets ofin vivo cellular volumes.

Model PSNR " SSIM" LPIPS # NIQE # PIQE # NRQM "
C. elegans evaluation dataset 1
DBPN 31.89 0.6122 0.3941 19.05 44.43 4.23
Neuroclear 30.56 0.5798 0.6122 20.87 40.17 2.49
Cycle+HAT 32.37 0.6236 0.4069 18.95 42.98 4.38
Cycle+IPG 32.17 0.6338  0.4640 19.97 41.50 4.36
DDPM (Baseline) 31.49 0.6157 0.4221 19.06 41.01 4.65
Ours 33.18 0.6682 0.3773 17.89 46.27 451
C. elegans evaluation dataset 2
DBPN 37.91 0.9631 0.3872 19.11 46.11 3.95
Neuroclear 36.75 0.8405 0.5654 19.51 53.00 3.59
Cycle+HAT 39.86 0.9726 0.3648 20.53 48.64 451
Cycle+IPG 37.92 0.9519 0.3138 19.37 46.46 4.69
DDPM(Baseline)  36.96 0.9766  0.3708 18.93 44.78 4.59
Ours 40.95 0.9868 0.2674 18.74 44.28 4.83
SR-CACO-2
DBPN 37.34 0.7871 0.5071 10.13 69.23 1.34
Neuroclear 33.93 0.7236 0.6182 11.78 88.30 2.74
Cycle+HAT 39.35 0.9313 0.3036 8.56 65.71 3.70
Cycle+IPG 39.82 0.9428 0.3369 8.85 66.27 3.87
DDPM(Baseline) 40.24 0.9447  0.3679 8.83 78.98 3.97
Ours 40.30 0.9476  0.2305 8.66 70.27 4.09
Rank Selection Strategy. Unlike sample-speci ¢ tuning, we adopt a xed multilinear

rank (ry;ro;r3) for eachZ-axis downsampling con guration. The ranks are predetermined
using truncated HOSVD on the training set to retain > 95%of the energy. This ensures that
the model exploits consistent structural redundancy patterns of the speci ¢ FM acquisition
protocol without introducing test-time hyperparameter search or data leakage.

4.1.1 Quantitative Comparison with State-of-the-Art Methods

Table 2 compares our method with baseline models on SR-CACO-2 and twim vivo cellular
datasets. On all three dataset, our method achieves the best overall performance, with
the highest PSNR, SSIM, and NRQM, indicating superior delity and perceptual quality.
Compared to DDPM, we show clear improvements in LPIPS and NRQM while maintain-
ing comparable distortion-based metrics. Speci cally, onC. elegansdataset 1, our method
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achieves the best PSNR/SSIM and strong LPIPS, o ering a good balance between percep-
tual quality and structural accuracy. In C. elegansdataset 2, our method again achieves the
top PSNR and SSIM, and outperforms all baselines in LPIPS, NIQE, and PIQE, con rming
its robustness under real biological conditions.

Overall, the results highlight the strong generalization and reconstruction capabilities of our
di usion-guided framework across both synthetic and real-world microscopy data.

4.1.2 Qualitative Comparison with State-of-the-Art Methods

3D/Slice/Zzoom-in Visual Comparison. To evaluate structural delity and robust-
ness, we compare reconstruction results at two representative time points (Fig.3). Un-
der low-SNR conditions, raw inputs show heavy noise and blurred membranes. Bicubic
fails to restore details, while DBPN introduces over-smoothing. Unsupervised methods
like Cycle+IPG and Cycle+HAT often distort structures. Although Neuroclear improves
sharpness, it lacks consistency. In contrast, our method reliably recovers continuous and
biologically plausible membranes, preserving ne details and suppressing noise. These re-
sults highlight the temporal generalization and structural accuracy of our di usion-guided
reconstruction.

Performance Statistics Analysis. We assess reconstruction quality on SR-CACO-2 and
three C. elegansdatasets using PSNR and LPIPS. As shown in Fig.8 (a), our method yields
high and stable PSNR, especially on SR-CACO-2. Fig.8 (b) shows consistently low LPIPS
across XY and YZ planes, indicating strong perceptual quality. SR-CACO-2 achieves the
lowest LPIPS, while C. elegansscores remain slightly higher due to structural complexity.
The consistent performance across planes highlights our methods robustness on anisotropic
data and real biological volumes.

Temporal Robustness Analysis . We also evaluate the temporal robustness of our
method on a sequence oin vivo FM images from 2700s to 5400s. Due to low-SNR condi-
tions, raw observations show severe noise and structural degradation. As shown in Fid,
our method consistently enhances structural delity and suppresses noise over time, demon-
strating stable and reliable performance across extended temporal sequences.

Suppression of Artifacts and Hallucinations As illustrated in the 3D renderings (Fig.
3) and zoom-in comparisons (Fig. 5), texture-based GAN methods like Cycle+IPG tend to
create visually sharp but biologically implausible internal bright spots and arti cial edges.
These structures do not correspond to any known membrane or organelle in the ground
truth.

In contrast, our method produces signi cantly fewer arti cial details. By enforcing global
cross-plane structural redundancy via the low-rank prior, our model ensures cross-slice geo-
metric coherence. This is particularly evident in the YZ/XZ plane visualizations (Fig. 4 &

6), where our method maintains membrane integrity and topological consistency along the
downsampled Z -axis, whereas baseline methods like DBPN and Cycle+HAT often su er
from oversmoothing or broken structures.

Table 3: Performance comparison undetin vivo cellular dataset with various noise levels
and downsampling factors C. elegansevaluation dataset 1).

Setting PSNR" SSIM" LPIPS # NIQE # PIQE # NRQM "
Original (Clean) 33.18 0.6682 0.3773 17.89 46.27 451
+ Gaussian noise ( =0:01) 32.58 0.6427 0.3953 18.44 50.42 4.34
+ Gaussian noise ( = 0:05) 31.26 0.6257 0.4253 19.86 57.58 4.01
+ Gaussian noise ( =0:1) 29.34 0.5921 0.4606 21.22 65.05 3.65
+ Downsampling 2 31.53 0.6354 0.4051 18.87 52.57 4.28
+ Downsampling 3 29.67 0.6102 0.4443 19.92 58.33 3.91
+ Downsampling 4 29.01 0.5955 0.4755 21.07 63.51 3.69
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Figure 3: 3D/XY-Slice/Zoom-in qualitative denoising comparison of di erent methods on
live 3D uorescence microscopy volumes at the 2700s time point. Appendibd show the
performance comparison at the 4950s time point.

4.2 Discussion

In this section, we further validate the e ectiveness and rationality of our model and meth-
ods from multiple perspectives. First, we analyze the distribution of cell volume ranks in the
SR-CACO-2 dataset, showing that the number of observed entries slightly exceeds the theo-
retical recovery bound we derived. Then, we evaluate the performance of our method under
varying downsampling rates and noise levels, demonstrating its robustness to noise. As
the downsampling rate increases, the number of observations falls below the exact recovery
threshold, leading to a noticeable drop in performance.

Rank Distribution of FM Cell. Figure 7 shows that cell volumes exhibit a bimodal rank
distribution, with dominant modes around 15 and 30. The average rank is 20.83, indicating
varying structural complexity across samples. This highlights the need for adaptive low-
rank modeling. Figure 7 displays the distribution of the lower observed bound for exact
recovery. Most samples lie well above the theoretical bound for rank 10, suggesting su cient
observations for recovery in practice. However, the multimodal pattern implies that some
samples may still challenge xed recovery thresholds.

Performance Under Dierent Sampling Densities and Noise. As shown in Ta-
ble 3, our method maintains stable performance under increasing noise and downsampling.
PSNR and SSIM gradually decrease with higher noise levels and downsampling factors,
while LPIPS, NIQE, and PIQE increase as expected. Despite these degradations, the qual-
ity drops remain smooth and moderate, demonstrating the robustness of our approach in
handling low-SNR and low-resolution conditions.

5 Conclusion

We propose a structure-aware unsupervised method for 3D FM reconstruction, which refor-
mulates tensor completion as a conditional di usion process. It improves denoising and axial
resolution while preserving ne cellular structures, demonstrating strong performance across
diverse in vivo datasets. Our method provides clearer observations, helping to reveal biolog-
ical patterns and support discoveries in developmental biology and disease understanding.
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A Detailed Experimental Analysis and More Experimental
Validation

Quantitative Comparison with State-of-the-Art Methods.

Table 2 and Table 4presents a comprehensive comparison of our method against several
baselines on SR-CACO-2 and threén vivo cellular datasets. On SR-CACO-2, our method
achieves the highest PSNR (40.30) and SSIM (0.9476), along with the lowest LPIPS (0.2305),
indicating strong pixel-level and perceptual delity. Compared to DDPM, which shares a
similar generative backbone, our method yields improved perceptual quality (lower LPIPS
and higher NRQM) and slightly better structural preservation.
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Figure 4: YZ (Yellow) and XZ (Blue) slice qualitative super-resolution comparison of dif-
ferent methods on live 3D uorescence microscopy volumes at the 2700s time point.

On the more challengingC. elegansdatasets, our method remains competitive. In dataset 1,
while Cycle+IPG achieves the highest NRQM (5.06), it su ers from worse LPIPS (0.3040)

and SSIM (0.6338), suggesting potential over-enhancement or structural distortion. Our
method provides the best balance between distortion and perceptual quality, with lead-
ing SSIM and strong LPIPS and PSNR. In dataset 2, our method again attains the best
PSNR (40.95), SSIM (0.9868), and LPIPS (0.2674), outperforming DDPM and Cycle-based
baselines by a clear margin.

These results demonstrate that our di usion-guided approach generalizes well across syn
thetic and real biological volumes, delivering consistent improvements in both low-level
delity and perceptual quality.

3D/Slice/Zzoom-in Visual Comparison. To comprehensively evaluate the structural
delity and robustness of our method, we conduct visual comparisons across full 3D recon-
structions, individual slices, and zoomed-in regions at two representative time points (2700s
and 4950s), as illustrated in Figure3. Raw observations under low-SNR conditions exhibit
severe background noise and blurred or incomplete membrane structures, which hinders
morphological interpretation. Bicubic interpolation fails to restore high-frequency details,
resulting in oversmoothed textures and edge ambiguity. DBPN, despite leveraging deep
residual learning, tends to introduce over-smoothing artifacts and axial distortion due to
its reliance on downsampling-upscaling cycles. Unsupervised approaches like Cycle+IPG
and Cycle+HAT, although trained without paired data, frequently hallucinate unrealistic
structures or distort membrane continuity, especially in low-intensity regions. Neuroclear
improves visual sharpness but shows inconsistent local delity and introduces background
artifacts in some areas. In contrast, our method consistently reconstructs continuous and
biologically plausible membrane structures, e ectively suppressing noise and restoring ne
cellular boundaries. The zoomed-in comparisons clearly reveal our models advantage in pre-
serving edge integrity and subcellular continuity across time. These results demonstrate that
our di usion-guided framework generalizes well temporally and is capable of maintaining
high spatial delity even under challenging acquisition settings.

Performance Statistics Analysis. We further assess the reconstruction quality of our
method using quantitative metrics across diverse datasets. Speci cally, we evaluate both
perceptual and distortion-based performance using LPIPS and PSNR on the SR-CACO-2
dataset and three C. elegansvolumes. As shown in Figure8(a), PSNR values remain high
and stable across both XY and YZ planes, with SR-CACO-2 showing the highest scores and
lowest variance, re ecting relatively clean and uniform structure. The C. elegansdatasets,
which feature higher structural complexity and natural variability, exhibit moderately lower
PSNR values but maintain consistent distributions across both spatial planes. Figure8(b)
shows that LPIPS values are consistently low, indicating strong perceptual similarity to
ground truth. SR-CACO-2 again achieves the lowest median LPIPS, while theC. elegans
datasets show slightly higher scores, likely due to their more heterogeneous and detailed
biological morphology. Notably, the similarity of performance between XY and YZ planes
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Figure 5: 3D/XY-slice/lzoom-in qualitative denoising comparison of di erent methods on
live 3D uorescence microscopy volumes at the 4950s time point.

Figure 6: YZ (Yellow) and XZ (Blue) slice qualitative super-resolution comparison of dif-
ferent methods on live 3D uorescence microscopy volumes at the 4950s time point.

across all datasets suggests that our method handles anisotropic imaging characteristics
e ectively. These quantitative results a rm the generalizability and robustness of our re-
construction framework across both synthetic and real-world biological imaging data.

Temporal Robustness Analysis. To evaluate temporal consistency, we apply our method
to reconstruct a dynamic sequence oih vivo FM volumes captured between 2700s and 5400s.
This time interval corresponds to prolonged imaging under low-SNR conditions, where pho-
ton exposure is limited to preserve cell viability. As shown in Figure 9, raw frames pro-
gressively degrade in signal quality, with increasing noise and weakening structural clarity.
Despite these challenges, our model consistently produces clean and high- delity recon-
structions over time. Membrane structures remain continuous, and noise accumulation is
e ectively suppressed, even in later frames with lower signal strength. This demonstrates
our methods robustness against temporal variations in image quality and con rms its ap-
plicability in long-term live-cell imaging scenarios where maintaining structural coherence
over time is critical.

Rank and Recovery Bound Analysis. We conduct a statistical analysis of tensor rank
and observation su ciency across the dataset to validate the theoretical assumptions un-
derlying our model. Figure 7(a) presents the rank distribution of cell volumes, revealing
a bimodal pattern with peaks around ranks 15 and 30. The mean rank is 20.83 with no-
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(a) Distribution of Cell volume rank (b) Distribution of lower observed bound

Figure 7: Distributions of cell tensor ranks and lower observed bound |j for exact cell
recovery across the dataset.

table variance, re ecting the diverse structural complexity of cellular data. This variability
underscores the importance of adaptive rank modeling rather than xed-rank assumptions
in volumetric restoration. Figure 7(b) shows the distribution of the lower observed bound

j ] required for exact recovery. Most samples exceed the theoretical threshold for rank 10,
suggesting that the empirical observation densities are su cient to ensure theoretical recov-
erability. However, the presence of a long-tailed, multimodal distribution also indicates that

a subset of samples remains challenging, particularly those with higher rank or less complete
observations. These insights justify our design of a exible, data-aware tensor completion
and di usion framework that can adapt to the structural and observational diversity in
real-world uorescence microscopy data.

Robustness to Noise and Downsampling. Table 3 summarizes the performance of our
method under various levels of Gaussian noise and downsampling factors, based on t@ie
elegansevaluation dataset. Starting from clean inputs, we observe a gradual degradation
in reconstruction quality as noise intensity increases. PSNR drops from 33.18 (clean) to
29.34 under = 0:1, while SSIM falls accordingly from 0.6682 to 0.5421, re ecting in-
creased structural distortion. LPIPS also rises with noise, indicating reduced perceptual
similarity. Meanwhile, NIQE and PIQE, as no-reference metrics, increase consistently, cap-
turing the perceptual degradation introduced by noise. A similar trend is observed with
increasing downsampling factors. PSNR and SSIM degrade from 30.53 and 0.6154 a®
downsampling to 28.21 and 0.5255 at 4, respectively. Perceptual quality metrics such as
LPIPS and NRQM also indicate reduced delity at higher compression levels. Despite these
degradations, our method maintains relatively stable performance across all settings, with
smooth and interpretable declines. The results demonstrate the robustness of our model
under practical imaging degradations, including low-SNR conditions and resolution loss.

Limitations and Future Work. While our method demonstrates strong performance across
multiple datasets, it has primarily been evaluated on uorescence microscopy data. Further
validation on other bio-image modalities would help assess generalizability. Additionally,
although the current framework shows stable performance under noise and resolution degra-
dation, integrating weak supervision or modality priors may further enhance adaptability.
Future work will explore broader dataset coverage, improved robustness, and optimization
for computational e ciency.

We also evaluate the temporal robustness of our method using a sequence infvivo uo-
rescence microscopy images captured over time, from 2700s to 5400s. The raw observations
su er from high noise and degraded structural details due to prolonged imaging under low-
SNR conditions. Our method is applied frame-by-frame to reconstruct the clean high- delity
volume across this time series.

As illustrated in Fig. 9, our method consistently improves structural delity and e ectively
suppresses noise throughout the sequence. Notable enhancements are observed across all
frames, with particularly clear improvements from 2700s to 5400s. This demonstrates the
model's ability to maintain stable and reliable reconstruction performance under challeng-
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(b) LPIPS distributions across XY and YZ
(@) Violin plots of PSNR values for SR- planes for SR-CACO-2 and threeC. elegans
CACO-2 and three C. elegans datasets. datasets.

Figure 8: Performance statistics analysis across XY and YZ planes for SR-CACO-2 and
three C. elegansdatasets.

Table 4: Performance comparison of our method and other methods under SR-CACO-2 and
two datasets of in vivo cellular volumes.

Model PSNR " SSIM" LPIPS # NIQE # PIQE # NRQM "
C. elegans evaluation dataset 3
DBPN 32.84 0.6984 0.3956 16.85 5291 2.60
Neuroclear 31.51 0.7339 0.3665 16.23 54.00 1.88
Cycle+HAT 33.96 0.8053 0.2077 16.06 48.97 2.09
Cycle+IPG 33.22 0.7881 0.1995 15.36 48.68 2.50
DDPM(Baseline) 33.43 0.8037 0.1986 15.94 53.48 2.24
Ours 34.81 0.8174 0.1168 12.11 47.53 2.97

ing conditions and over extended temporal acquisition periods. The results validate the
temporal consistency and robustness of our di usion-guided reconstruction framework.

B Motivation

Cell division is one of the most fundamental processes of life it drives growth and repro-
duction, yet also sets the stage for aging and deattsheldrake (1974); Winter et al. (2024.
Understanding this process at the structural level is crucial for advancing research in areas
such as developmental biology, oncology, and regenerative medicine. Observing the 3D mem-
brane structure of cells during live cell division is especially important, as the membrane
plays a central role in maintaining cellular integrity and mediating dynamic interactions
Chung et al. (2013. This observation typically involves volumetric scanning along the Z-
axis, where high-resolution XY-plane images are acquired at equidistant depths with the
help of uorescent dyes.

To minimize lethal phototoxicity during this process, the scanning time must be strictly

limited, reducing the number of axial slices and the overall imaging intensity. As a result,
3D live-cell imaging often su ers from anisotropic resolution and spatially varying noise,
particularly in deeper or faster-acquired slices, as illustrated in Fig.1. These constraints
signi cantly limit the spatial-temporal delity of the captured volumes, making it di cult

to reconstruct ne membrane structures or dynamic changes. This, in turn, impedes fun-
damental insights in a wide range of biomedical eldsVoleti et al. (2019; Li et al. (2025.

20






	Introduction
	Problem Formulations
	3D FM Live Cell Imaging
	Tensor Completion Model for 3D FM Cell Recovery
	Lower Bound for Exact Cell Recovery

	Proposed Solution
	Tucker Decomposition-based Solution
	Equivalence with Conditional Diffusion Framework

	Experiments
	Main Results
	Quantitative Comparison with State-of-the-Art Methods
	Qualitative Comparison with State-of-the-Art Methods

	Discussion

	Conclusion
	Acknowledgments
	Detailed Experimental Analysis and More Experimental Validation
	Motivation
	Related Work
	Deep Learning Driven image restoration
	SR of 3D Fluorescence Microscopy
	Tensor Completion and Tucker Decomposition

	Generalization vs Specificity
	Proof of Exact Tensor Completion Requirement
	Exact Recovery Guarantee for Incoherent Tensor Completion
	Exact Recovery Guarantee for Robust Tensor Completion

	Proposed Solution: Tucker Decomposition-based Tensor Completion
	Why Tucker, and Why ADMM?
	Problem in Tucker Coordinates
	Augmented Lagrangian
	ADMM Updates
	Convergence
	Implementation

	Datasets and Settings
	Large Language Models Usage Statement

