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Abstract. Fluorescence Molecular Tomography (FMT) enables non-
invasive quantification of early-stage tumors, but its clinical utility is
hampered by the severe ill-posedness of its inverse reconstruction prob-
lem. Traditional iterative methods rely on proximal gradient descent
and soft-thresholding for non-convex sparse optimization, yet suffer from
poor stability under strong noise and tissue scattering—attributed to
their sensitivity to hand-crafted parameters, gradient approximation er-
rors, and rigid fixed global sparsity thresholds. To address these lim-
itations, we propose the Multi-Scale Graph Deep Unfolding Network
with Gradient-Threshold Learning (MS-GDUN), a physics-guided deep
unfolding framework that synergizes iterative reconstruction logic with
graph neural networks. MS-GDUN unfolds classical iterative pipelines
into a layered learnable architecture, enabling end-to-end joint learning of
iteration-specific gradient update directions and node-adaptive sparsity
thresholds in place of manual parameter tuning. We construct physics-
constrained graphs via finite-element mesh photon transport distances,
use Graph Convolutional Blocks (GCB) to model multi-hop photon dif-
fusion correlations, and introduce a Multi-Scale Graph Cross-Attention
(MSGC) mechanism to fuse local-global features across four scales, mit-
igating single-scale limitations and enhancing reconstruction structural
consistency. Extensive experiments on simulated and clinical datasets
validate that MS-GDUN outperforms state-of-the-art conventional iter-
ative and learning-based methods in tumor localization accuracy and
morphological fidelity. This work establishes MS-GDUN as a robust, re-
liable FMT reconstruction paradigm with great potential for early tumor
detection. Code is available at https://github.com/LeTeddy/MS-GDUN.
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1 Introduction

Fluorescence Molecular Tomography (FMT) is a noninvasive three dimensional
imaging modality capable of detecting in-vivo tissues and pharmaceutical agents,
offering notable advantages such as low cost, high sensitivity, and strong speci-
ficity [17, 4]. This technique exhibits substantial potential in applications in-
cluding early tumor diagnosis and drug development [20, 14], serving as a key
modality in the evolution of whole-body photonic imaging [15]. However, ow-
ing to strong photon scattering, sparse source configurations, and limited sur-
face measurement data, the associated inverse reconstruction problem remains
severely ill-posed.

Given the sparsity characteristics of the FMT inverse problem, numerous
regularization based reconstruction algorithms have been proposed [25, 3, 7, 22].
Classical L2-norm methods such as Tikhonov regularization tend to introduce
over-smoothing, whereas L1-norm regularization and Sparse Graph Manifold
Learning (SGML), solved via the Iteratively Reweighted Soft-Thresholding Al-
gorithm (IRSTA) [6], have been adopted to enhance sparsity and incorporate
three dimensional structural priors. However, these methods are generally built
upon simplified approximations of the Radiative Transfer Equation (RTE), lead-
ing to modeling errors, and their reliance on empirical parameter tuning increases
computational cost and limits performance.

Compared with traditional iterative algorithms, deep learning has demon-
strated significant advantages in solving imaging inverse problems by learning
non-iterative mappings from large-scale datasets, thereby alleviating modeling
errors induced by simplified light propagation models and improving reconstruc-
tion accuracy [10]. Representative approaches include based on MLP end to end
networks, UHR-DeepFMT, and three dimensional encoder decoder architectures
[5, 24, 8]; however, these data driven methods often suffer from limited generaliza-
tion and insufficient exploitation of three dimensional topological information in
FMT. To address these limitations, Deep Unrolling Networks (DUNs) [13], such
as ADMM-CSNet and ISTA-Net, improve interpretability and generalization by
mimicking traditional iterative update schemes [21, 23]. In addition, although
Graph Convolutional Networks (GCNs) are well suited for FMT reconstruction
due to the finite element mesh structure [2, 9, 19], existing GCN-based methods
neglect distance-related structural correlations and exhibit high computational
cost and training instability under extremely sparse source configurations—a
setting that also induces severe node-level class imbalance [12, 26], which limits
stable high-accuracy reconstruction.

To address challenges like insufficient structural similarity under sparse sources,
multi source resolution limits, and gradient vanishing in FMT reconstruction,
we propose the Multi-Scale Graph Deep Unfolding Network with Gradient-
Threshold Learning (MS-GDUN). By unfolding Sparse Graph Manifold Learning
(SGML) process into a learnable architecture, we achieve highly accurate tomo-
graphic reconstruction. Our main contributions are threefold: 1) First, integrat-
ing physics informed global context modeling and customized transfer learning
to capture structural dependencies, enhancing localization accuracy and shape



Title Suppressed Due to Excessive Length 3

fidelity. 2) Second, designing node adaptive sparsity with gradient threshold
learning to mitigate gradient vanishing and preserve high resolution in multi
source settings. 3) Third, proposing multi scale graph feature aggregation with
cross-attention to overcome single scale limitations, enabling robust representa-
tion of structural details. Extensive experiments demonstrate that MS-GDUN
outperforms existing methods, promising to advance FMT’s preclinical and clin-
ical translation in early tumor detection.

2 Method

Based on photon propagation theory and the finite element method (FEM),
fluorescence molecular tomography can be formulated as a linear inverse problem
with graph-structured regularization [16, 18, 11]. The SGML model introduces a
graph-based manifold regularization to enforce spatial consistency of the source
distribution on the finite-element mesh. The optimization problem is formulated
as:

min
X

1

2
∥MX − b∥22 + λ∥LX∥22 + ζ∥X∥p (1)

where M denotes the photon propagation system matrix, X is the unknown
in vivo fluorescence source distribution, and b represents the measured surface
photon flux. λ and ζ are regularization parameters. The Laplacian matrix L
encodes the mesh topology and is dynamically updated during the iterative
reconstruction to adapt to the evolving source distribution.

The SGML model is traditionally solved using IRSTA. At each iteration,
by applying a proximal gradient descent approach to the smooth term f(X) =
1
2∥MX − b∥22 + λ∥Lk+1X∥22 and converting the non-convex sparse term into a
soft-thresholding problem, the closed-form solution for the update Xk+1 can be
expressed as:

X̂k = Xk − 1

∇2f(Xk)
∇f(Xk) (2)

Xk+1 = soft(X̂k,
ζ

∇2f(Xk)
) (3)

where soft(·) is the soft-threshold function, and the threshold is ζ
∇2f(Xk)

. ζ is
a manually set parameter. First-order derivative ∇f(X) represents the gradient
descent direction at each iteration, while the second-order derivative ∇2f(X) de-
termines the step size through its inverse 1

∇2f(X) in the gradient descent update,
respectively: {

∇f(Xk) = MTMXk −MTϕ+ 2ζLT
k+1Lk+1Xk

∇2f(Xk) = MTM + 2ζLT
k+1Lk+1

(4)

2.1 MS-GDUN Network Architecture Design

MS-GDUN is a physics-guided deep unfolding network derived from the SGML-
IRSTA solver, as shown in Fig. 1. By unfolding the iterative updates in Eqs. 2-3
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into N = 6 stages (selected via ablation over N ∈ [4, 10]), each stage preserves
the original optimization structure while replacing analytical quantities with
learnable modules. The network learns the gradient term ∇f(Xk) and the adap-
tive threshold ζ

∇2f(Xk)
in a data-driven manner. The learned gradient is used

to perform the update in Eq. 2, and the learned threshold is used in Eq. 3.
Thus MS-GDUN maintains the interpretability of SGML-IRSTA while enabling
iteration-dependent, learnable optimization.

Fig. 1. Overall framework of MS-GDUN. (a) Unfolded iterative pipeline at the k-th
stage; (b) Basic graph convolutional block parameterized by the Laplacian matrix
Li; (c) Multi-scale graph convolution module with cross-attention, which extracts and
fuses multi-scale graph information to predict the iteration-dependent gradient for
reconstruction.

At the k-th stage, the Input Module constructs physics-consistent features
Xin = [MTMXk, M

T b, LTLXk, Xk] which correspond to the analytical compo-
nents of SGML-IRSTA. The Feature Extract Module maps Xin to topology-aware
node representations Fk through graph convolutions defined on the finite-element
mesh. Based on Fk, the Multi-Scale Graph Convolutional Block fuses multi-scale
features via local KNN attention with sensitivity-weighted keys/values, and the
Adaptive Sparse Update applies Softplus-predicted node-adaptive thresholds to
suppress noise. These modules form a unified pipeline that enhances structural
consistency.
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2.2 Multi-scale Graph Feature Extraction and Fusion

To model structural dependencies at different spatial ranges, we introduce a
set of pre-defined multi-scale Laplacian matrices Lmulti = {L0, L1, L2, L3} con-
structed with increasing neighborhood radii of 0.5, 1.0, and 1.5 mm on the finite-
element mesh. At the k-th stage, graph convolutional blocks parameterized by
L0, L1, and L2 extract local structural features, while L3 encodes global contex-
tual information. Multi-scale features are fused through a graph cross-attention
mechanism [1]:

Q
(i)
k = Pi

Q,k(GLi
(Fk)), Kk = PK,k(GL3

(Fk)), Vk = PV,k(GL3
(Fk)) (5)

where GLi(·) denotes a graph convolutional block with Laplacian Li, and P(·)
denotes a node-wise linear mapping.

Node-wise sensitivity weights derived from the forward matrix M are used
to modulate key and value features:

si =
∥M:,i∥2

maxj ∥M:,j∥2
. (6)

To control computational cost, attention is computed locally within neigh-
borhood Ni:

O
(i)
k = Attention(Q

(i)
k , {sjKk,j}j∈Ni

, {sjVk,j}j∈Ni
). (7)

The outputs from different scales are fused to generate the learned gradient:

∇f(Xk) = P

(
2∑

i=0

βk,iO
(i)
k

)
, (8)

where βk,i are learnable fusion weights.

2.3 Adaptive Sparse Update Strategy

At each unfolding stage, the reconstruction is updated as

Xk = Sθk

(
Xk−1 − αk∇f(Xk)

)
, (9)

where αk is a learnable diagonal preconditioner approximating the inverse
Hessian, and Sθk(·) denotes a node-wise shrinkage operator.

The adaptive thresholds are predicted from graph features:

θk = Softplus(P(Fk)) , Softplus(x) = ln(1 + ex). (10)

By jointly learning update directions and node-adaptive sparsity thresholds,
MS-GDUN replaces the analytical gradient, fixed step size, and global threshold
in SGML-IRSTA with data-driven, iteration-dependent optimization.
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3 Experiments and Results

3.1 Data preparation and Compared methods

To evaluate the performance of the proposed MS-GDUN, both numerical simu-
lations based on a digital mouse model and in-vivo experiments were conducted.
In the numerical simulations, a virtual mouse anatomical model was constructed,
including major organs such as muscle, heart, liver, stomach, kidney, and lungs,
and discretized into a standard tetrahedral mesh consisting of 6,674 nodes and
33,357 tetrahedral elements. To generate training data, dual spherical fluorescent
sources were randomly placed within the abdominal region of the virtual mouse,
with a source radius ranging from 0.8 − 1.4mm and an edge-to-edge distance
(EED) of 4−6mm. Under 800 nm excitation and 1300 nm emission, surface flu-
orescence measurements were generated using the finite element method (FEM),
producing a total of 29,368 samples.

To quantitatively evaluate the accuracy of MS-GDUN, we compared it with
deep unfolding methods (ISTA-Net and FISTA-Net), a GCN-based approach
(ResGCN), and a deep-learning reconstruction method (IPS). All models were
trained on 80% of the data and tested on the remaining 20%, using the Dice
similarity coefficient (Dice) and localization error (LE) as metrics. All models
were implemented in PyTorch, trained with AdamW (initial learning rate 1 ×
10−3, batch size 8, 100 epochs) on a single RTX A6000 GPU.

3.2 Quantitative and Qualitative Results

Feasibility Experiments: To validate the feasibility of the proposed MS-
GDUN, dual source experiments were conducted. Two spherical sources with
a fixed radius of 1 mm were employed, and two groups of experiments were de-
signed with EED of 4 mm and 6 mm, respectively, to investigate the model’s
resolution capability for closely spaced sources. Fig 2 presents a comparative
visualization of the reconstruction results obtained by MS-GDUN and five com-
peting methods from both two dimensional and three dimensional perspectives
under different EED settings. Specifically, when the source separation was 4
mm, the IPS algorithm failed to effectively distinguish the two sources. Al-
though FISTA-Net exhibited relatively good localization accuracy, it generated
noticeable artifacts and showed poor structural similarity. Similarly, ResGCN
performed unsatisfactorily at small source separations, likely due to overfitting
caused by the lack of deep-unfolding-based generalization in graph convolution.
In contrast, MS-GDUN achieved stable reconstruction across both separations.
As shown in Table 1, MS-GDUN attained superior Dice scores, while the mini-
mum LE was 0.002 mm. Notably, as the source separation decreased, MS-GDUN
maintained stable reconstruction performance, further demonstrating its robust-
ness and superiority over competing approaches.

Ablation Experiments: To investigate the impact of the multi scale graph
cross attention mechanism and the adaptive sparse update strategy on feature
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Fig. 2. Dual-source and in-vivo reconstruction results of five methods in 3D and trans-
verse views. (a1–e1), (a2–e2), and (a3–e3) denote EED = 4 mm, EED = 6 mm, and
in-vivo cases, respectively. Red circles indicate ground truth.

extraction in the proposed MS-GDUN, ablation studies were conducted. MS-
GDUN represents the complete model. w/o GCB-L denotes the variant in which
the multi scale graph convolution module is removed and all graph convolutions
are replaced with a single scale configuration. w/o MSGC refers to the model
without the graph cross attention mechanism, where multi scale output features
are directly concatenated and fed into a linear layer. w/o ASUS denotes the
model without the adaptive sparsification update strategy, in which all nodes
are assigned an identical sparsity threshold. As shown in Table 2, removal of
any component leads to performance degradation. The absence of MSGC and
ASUS leads to degraded LE and Dice metrics. In addition, removing the GCB-L
module results in a dramatic decrease in the Dice score to approximately 20%,
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Table 1. Quantitative results of dual-source (simulation) and in-vivo reconstruction.

Experiment Index MS-GDUN ResGCN ISTA-Net FISTA-Net IPS

Sim,EED=4 LE (mm) 0.002 0.141 0.272 0.124 0.777
Dice 81.1% 54.6% 81.7% 62.5% 39.9%

Sim, EED=6 LE (mm) 0.078 0.016 0.227 0.202 0.903
Dice 87.7% 69.0% 84.5% 74.7% 54.6%

In-vivo LE (mm) 0.200 0.298 0.268 0.349 0.133
Dice 54% 28% 41% 25% 31%

Bold indicates best and second-best performance.

accompanied by a substantial deterioration in LE. These results demonstrate
that GCB-L, MSGC, and ASUS play critical roles in the MS-GDUN framework.

Table 2. Ablation experimental results on the effectiveness of MS-GDUN.

Description LE (mm) ↓ Dice ↑ MSE ↑
MS-GDUN 0.068± 0.009 82.6± 0.5% 0.0007
w/o GCB-L 0.084± 0.011 62.2± 1.1% 0.0015
w/o MSGC 0.095± 0.015 71.1± 1.6% 0.0010
w/o ASUS 0.072± 0.008 79.5± 0.7% 0.0008

Computational Cost: MS-GDUN contains only 7,218 learnable param-
eters, independent of mesh size Nnode. The multi-scale Laplacians are precom-
puted, fixed, and sparse—each node connects only to a small local neighborhood—
yielding O(Nnode) overall complexity. Training takes ∼1.2 h/epoch, and inference
requires 80–150 ms per sample with 8–10 GB peak GPU memory.

In-Vivo Experiments: To comprehensively evaluate the reconstruction
performance of MS-GDUN in a realistic biological environment, in-vivo experi-
mental studies were conducted. In the in-vivo experiments, 6-8 week old female
BALB/c nude mice were used to construct both luminescent source implanta-
tion models and orthotopic glioma models, with additional dual tube implan-
tation experiments to evaluate the algorithm’s multi source resolution. In the
glioma model, approximately 1 × 106 U87 MG-GFP-FUC cells were injected
into the mouse cerebral cortex. Subsequently, multi modal data including CT
and MRI were acquired to perform 3D FMT reconstruction. All animal proce-
dures strictly adhered to relevant institutional ethical guidelines and experimen-
tal regulations. The visualization results in Fig 2 indicate that the MS-GDUN
method achieves superior spatial consistency in the reconstructed fluorescence
regions, with shapes and boundary alignments that more closely match the true
lesion. Table 1 presents the quantitative evaluation metrics of the reconstruction
results, demonstrating that the MS-GDUN method achieves the highest Dice,
thereby validating its effectiveness in real experimental settings.
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4 Conclusion

In this study, we proposed MS-GDUN for robust fluorescence molecular tomog-
raphy reconstruction. The framework combines physics-guided unfolding with
multi-scale graph modeling and adaptive sparsification to improve stability and
structural fidelity. Experimental results demonstrate that MS-GDUN outper-
forms existing iterative and learning-based methods in both simulations and in-
vivo studies. Notably, it successfully distinguishes tumors with an edge-to-edge
distance of 4 mm, achieving over 81% Dice and a minimum localization error of
0.002 mm, while maintaining stable performance under reduced source separa-
tion. In real biological experiments, it yields more accurate boundary alignment
and competitive quantitative metrics. These results highlight its strong potential
for reliable, high-resolution FMT reconstruction and early tumor detection.
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