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Abstract

In minimally invasive vascular interventions, intraoperative 3D vascular reconstruction and
accurate spatial characterization are crucial for safe and precise robotic surgical navigation.
However, unlike conventional supervised learning tasks that rely on a fixed training/testing
split, projection-based neural reconstruction aims to establish a patient-specific mapping
between sparse X-ray observations and the corresponding 3D spatial representation. In
this paper, we propose AME-Net++, an Adaptive Mixture-of-Experts Network that
integrates feature perception, adaptive expert collaboration, and multi-scale optimization
for 3D structural reconstruction from intraoperative multi-view X-ray projections.
Specifically, AME-Net++ employs an adaptive feature-preservation strategy to suppress
projection noise while preserving the geometric continuity of vascular structures. To
address heterogeneous tissue attenuation and region-dependent structural variations, we
design a parallel mixture-of-experts architecture with a learnable routing mechanism that
dynamically assigns local features to appropriate expert subnetworks for region-adaptive,
fine-grained representation learning. In addition, we propose a multi-scale information-
aware composite loss function to jointly optimize global structural fidelity, local density
consistency, and edge-detail preservation. Experimental results on both public datasets
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and our self-built animal interventional vascular dataset demonstrate that AME-Net++ achieves strong performance
in both 2D projection synthesis and 3D voxel reconstruction tasks. Additional validation on this dataset shows that
the reconstructed vascular centerline has an average error of 1.5 + 0.67 mm, indicating that the proposed method
can preserve the major vascular trajectory with clinically meaningful spatial accuracy. These results validate the
effectiveness of the proposed reconstruction method and indicate its potential for 3D navigation in vascular
interventional procedures.

1. INTRODUCTION

Benefiting from high operational precision and stability, robotic endovascular interventional systems have
demonstrated growing clinical value in modern medical practice. However, autonomous navigation in these
systems still relies heavily on single-view X-ray projections for anatomical perception and device path
planning. In complex vascular environments, the limited spatial information provided by 2D projections
hinders the accurate perception of vascular topology and spatial relationships, thereby increasing procedural
complexity and potentially compromising patient safety. Therefore, achieving reliable intraoperative 3D
perception remains a critical challenge in developing intelligent robotic endovascular interventional systems.

The mainstream approach provides 3D navigation guidance by registering preoperative computed
tomography angiography (CTA) with intraoperative digital subtraction angiography (DSA) images"’.
Although this strategy offers valuable 3D anatomical information, it still has several inherent limitations,
such as a strong dependence on accurate cross-modal anatomical correspondence, high computational costs,
and performance degradation caused by respiratory motion, cardiac pulsation, or soft-tissue deformation.
These issues substantially limit the practicality of registration-based 3D guidance methods for autonomous
robotic navigation.

To avoid the limitations of cross-modal registration, direct 3D reconstruction from projection data has
emerged as a promising alternative. Existing methods mainly include analytical, iterative, and learning-based
approaches. Classical analytical algorithms such as Feldkamp-Davis-Kress (FDK) algorithm are highly
efficient under ideal acquisition conditions”, but their performance degrades significantly in ill-posed
settings such as sparse-view reconstruction. Iterative methods improve robustness by incorporating prior
regularization®, but often incur considerable computational and memory overhead. More recently, neural
field methods have shown impressive reconstruction capability in tomographic imaging**. However,
applying standard neural radiance fields (NeRF) frameworks directly to computed tomography (CT)
reconstruction remains challenging due to their limited ability to model heterogeneous anatomical structures
and their underutilization of informative cues embedded in projection images.

NeRF-style reconstruction methods differ from conventional supervised learning methods. The objective is
not to train a universal model on a predefined training set and then evaluate its cross-sample prediction
performance on a separate testing set. Instead, the neural representation establishes a mapping between
projection observations and the corresponding 3D spatial field for each scene or patient. The reconstructed
3D result reflects the representation and reconstruction capability of the method under sparse-view
observations.

Although recent studies in general 3D scene reconstruction, such as indoor-scene or furniture
reconstruction, have shown that high-quality reconstruction can sometimes be achieved from very few views,
it remains unclear whether this conclusion can be directly transferred to medical organ and vascular
reconstruction. Compared with natural scenes, medical reconstruction involves more complex attenuation
mechanisms, weaker tissue contrast, overlapping anatomical structures, and stricter requirements for both
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geometric and density accuracy. Therefore, reliable 3D reconstruction of organs or complex vascular
structures from only a few X-ray projections remains a highly ill-posed problem and requires further
systematic investigation.

To address the limited applicability of cross-modal registration methods in dynamic intraoperative
environments, as well as the limited ability of existing reconstruction methods to model complex vascular
structures, we propose an intraoperative 3D reconstruction framework for robotic endovascular
intervention, exploring a direct 3D perception paradigm independent of preoperative prior registration. The
proposed framework directly reconstructs 3D vascular structures from sequential multi-view intraoperative
X-ray projections, aiming to build a high-precision 3D visual representation for autonomous robotic
navigation and provide a reliable visual foundation for anatomical perception, path planning, and safe
operation in complex vascular environments.

In this work, AME-Net++ is positioned as a reconstruction-quality-oriented neural representation
framework. For complex full-volume reconstruction involving multiple anatomical structures, the current
optimization process may require substantial computational time and is more suitable for offline or
retrospective analysis. For vascular-only reconstruction, the target structure is sparse and concentrated, and
the reconstruction process can be completed within a shorter time scale, suggesting potential utility for
intraoperative vascular analysis and navigation support.

The main contributions of this work are summarized as follows:

» An adaptive mixture-of-experts reconstruction framework, termed AME-Net++, is proposed for
intraoperative vascular structure reconstruction. Through a parallel expert pool and a learnable routing
mechanism, it enables adaptive modeling of different tissue types and geometric regions, improving the
representation capability of complex heterogeneous vascular structures.

+ A multi-scale information-aware weighted composite loss is designed, in which projection-level entropy
weighting, local information density, and multi-resolution supervision are jointly incorporated to improve
the reconstruction quality of both structural regions and fine details.

« Comprehensive experiments were conducted on public datasets and a self-built animal interventional
vascular dataset. In addition to quantitative and qualitative reconstruction comparisons, statistical
significance analysis, reconstruction-time evaluation, and vascular centerline assessment were included to
provide a more rigorous and clinically relevant assessment of the proposed method.

2. RELATED WORK

This section briefly reviews prior literature on classical CT reconstruction, implicit neural representations,
and mixture-of-experts models.

2.1. Classical computed tomography reconstruction

Computed tomography reconstruction has long been a fundamental problem in medical imaging. Since the
emergence of CT technology in the 1970s, numerous studies have focused on improving reconstruction
quality under sparse-view, limited-angle, and noisy acquisition settings. Early algebraic reconstruction
techniques, developed for X-ray and electron microscopy, demonstrated advantages in limited-projection
scenarios'. The simultaneous algebraic reconstruction technique further improved efficiency by updating all
pixels in a more coordinated manner and demonstrated superior performance in image quality and
computational speed for large-scale reconstruction tasks'.

To suppress artifacts and preserve structural information under sparse projections, various iterative
regularization-based methods have been extensively investigated. For example, total variation regularization
has been introduced to improve sparse-view CT quality'”, while total generalized variation has been used to
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better preserve edge details and reduce streak artifacts"®. For limited-angle reconstruction, scale-space
anisotropic total variation methods" and approaches combining image-gradient regularization with
dictionary learning"* have also been proposed. Although these methods improve reconstruction quality, they
typically require iterative optimization, thereby incurring high computational overhead.

2.2. Implicit neural representations

Neural Radiance Fields introduced a powerful way to represent 3D scenes as continuous neural functions
and have significantly influenced research in view synthesis and scene reconstruction. Although NeRF was
originally designed for red, green, blue (RGB) rendering, its continuous representation framework has
inspired many learning-based methods for medical imaging and tomography reconstruction. Several
representative extensions have been proposed. Neural adaptive tomography (NeAT) introduced neural
adaptive tomography for limited-view reconstruction"'’. TensoRF reduced computational complexity
through tensor decomposition while maintaining efficient scene representation”. Neural Attenuation Fields
adapted the neural field paradigm to sparse-view cone-beam CT by directly modeling attenuation
properties'’!. IntraTomo leveraged self-supervised learning for tomography reconstruction through
sinogram synthesis and prediction!*). Other related studies include total-variation-constrained
reconstruction for cone-beam CT"*), Mip-NeRF for multi-scale representation"®, voxel-neural hybrid
representations"”), and self-supervised masked pretraining for neural field learning"**!. Despite these
advances, effectively capturing heterogeneous tissue characteristics and fully exploiting projection-plane
information remain open challenges for CT-oriented neural reconstruction.

More recently, NeRF-style and related implicit neural representations have been increasingly investigated for
medical image reconstruction. Recent surveys have summarized the broad applications of neural radiance
fields in medical imaging, including sparse-view tomography, surgical scene reconstruction, and multimodal
3D representation learning!”*’. Structure-aware X-ray NeRF methods further explore incorporating
anatomical or projection-domain structural priors for sparse-view X-ray reconstruction®’. In addition to
purely implicit multilayer perceptron (MLP)-based representations, recent studies have introduced explicit
or hybrid 3D representations, including 3D Gaussian representations for sparse-view or extremely sparse-
view CT/cone-beam computed tomography (CBCT) reconstruction®"??/, Beyond regularized and meta-
learned neural attenuation field methods, researchers have proposed methods to improve the stability of
CBCT reconstruction under limited-view conditions?*). These developments are also related to efficient
neural graphics representations such as instant neural graphics primitives, 3D Gaussian splatting, Plenoxels,
direct voxel-grid optimization, and unbounded-scene NeRF variants®***. Together, these recent advances
indicate that sparse-view medical reconstruction is moving toward stronger priors, hybrid implicit-explicit
representations, and more efficient patient-specific optimization.

2.3. Mixture-of-experts models

The mixture-of-experts paradigm was originally introduced to improve model specialization by combining
multiple expert subnetworks with a gating mechanism that dynamically selects suitable experts for each
input®. Later studies extended this idea to deeper neural architectures and showed that expert specialization
can improve model capacity and efficiency in complex learning problems”’. Conditional computation
further advanced this direction by activating only the model components relevant to a given input®’. In
large-scale deep learning, sparse expert routing has become a practical strategy for increasing
representational power while maintaining manageable computational cost. Representative studies include
GShard and Switch Transformer, which demonstrated the effectiveness of sparse gating and expert routing
in large neural models">*.

In this work, the proposed AME module is inspired by the general mixture of experts (MoE) principle, but it
is not intended as a new general-purpose MoE methodology. Instead, we adapt expert specialization and
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dynamic routing to sparse-view X-ray attenuation-field reconstruction. Conventional MoE models often use
expert routing mainly to increase model capacity under sparse conditional computation. By contrast, AME-
Net++ uses expert routing to decompose heterogeneous attenuation modeling into region-adaptive
functions. The expert assignment is performed on context-enhanced ray-wise features rather than isolated
point-wise features, which better matches the physical characteristics of X-ray projection formation.

Different from large-scale language modeling, where MoE is mainly used to increase model capacity under
conditional computation, the MoE design in this work is introduced as a region-adaptive function
decomposition mechanism for heterogeneous X-ray attenuation field reconstruction. Medical X-ray
reconstruction involves spatially varying attenuation distributions, weak tissue contrast, and region-
dependent anatomical structures. Therefore, an adaptive expert routing mechanism can provide a task-
specific inductive bias by assigning different local features or attenuation patterns to specialized expert
subnetworks. Motivated by these developments, we incorporate a gated mixture-of-experts design into
neural attenuation modeling to better address the heterogeneous attenuation properties and structural
diversity observed in CT reconstruction tasks.

3. METHOD

AME-Net++ reconstructs a scene-specific three-dimensional representation from sparse multi-view X-ray
projections with known acquisition geometry. The central idea is to combine ray-wise contextual modeling
with adaptive expert specialization. The former incorporates information from neighboring samples, while
the latter applies different learned transformations to heterogeneous attenuation patterns. An information-
aware composite loss further emphasizes informative views, local boundaries, and structures at multiple
resolutions.

The framework contains four stages. First, individual pixels and contiguous blocks are selected from the
projection images, and spatial points are sampled along their corresponding X-ray paths. Second, multi-
resolution hash encoding converts the sampled coordinates into spatial features. Third, a sequence module
and a gated mixture-of-experts module transform these features into attenuation predictions. Finally, a
differentiable X-ray projection model produces synthesized observations, which are compared with the
measured projections to optimize the network.

The network is optimized separately for each scene or subject using its available projection observations. The
architecture without the proposed composite loss is referred to as AME-Net, whereas the complete
framework is termed AME-Net++.

3.1. X-ray imaging model and sampling

The imaging model connects the unknown three-dimensional attenuation distribution to the observed two-
dimensional projections. This connection allows projection-domain errors to supervise reconstruction
without requiring a reference volume in the optimization objective.

Under an effective monoenergetic approximation and neglecting scattering, X-ray transmission follows the
Beer--Lambert law:

I(r) = Ip(r) exp [—/ ! u(r(r)) dt] . (1)

Here, I, represents incident intensity, and the attenuation function describes the local linear attenuation

coefficient.
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The ray from the X-ray source toward a detector pixel is parameterized as

r(t) = o +1d, Id]|2 = 1. (2)
Here, o is the X-ray source position, d is the unit direction toward a detector pixel, and ¢, and ¢, delimit the
ray segment inside the reconstruction domain. Because the direction is normalized, the integration

parameter corresponds to physical distance.

Equivalently, the logarithmic projection is

p(r) = —log Io(rr) = /tnf,u(r(t))dt. (3)

Equations (1) and (3) distinguish transmitted-intensity observations from line-integral observations. The
prediction used for supervision must match the domain of the measured data, and identical fixed
preprocessing is applied to the prediction and its corresponding reference.

To approximate the line integral, we uniformly sample N, points along each ray. The position of the j-th

sample is

qJ'=O+tjd. (4)

The corresponding sampling parameter is
.1 .
tjp=t, + ]—5 Or, j=1,...,N;. (5)

The sampling interval is determined by the ray segment length and the number of samples:

tr—1n
Op = ——. 6
r . (6)
We use 320 samples per ray. The sampling interval is constant within a ray but may differ between rays
because their intersection lengths with the reconstruction domain vary. Physical integration distances are

retained when spatial coordinates are normalized for feature encoding.

Projection-domain sampling combines individual pixels and contiguous image blocks. Pixel-level sampling
provides coverage of the observations, whereas block-level sampling preserves the spatial arrangement
required for perceptual and multi-scale supervision. Each optimization step uses 2,048 rays, including 1,024
block-level samples and 1,024 pixel-level samples. A threshold-based foreground selection strategy guides
sampling toward structurally informative regions.

3.2. Multi-resolution ray-wise feature encoding

Spatial encoding provides a learnable description of each sampled location. Using multiple resolutions
enables the representation to capture both broad anatomical variation and fine spatial detail without relying
on a large coordinate-only MLP.

Each sampled point is normalized to the encoding domain and mapped to a C-dimensional feature vector
using multi-resolution hash encoding®. The encoded features are stacked in their order along the ray:

y(T(a1))"
X = ; e RVsxC, (7)
y(7T (an,))"
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Figure 1. Architecture of the proposed gated mixture-of-experts module for heterogeneous attenuation modeling and adaptive
reconstruction. MoE: Mixture of experts; FFN: feed-forward network; SiLU: sigmoid linear unit.

Here, the fixed transform normalizes coordinates to the encoding domain, and the hash encoder maps each
normalized position to its spatial feature vector. The matrix X therefore contains one feature row per
sampled point.

At this stage, each row describes an individual spatial location. The subsequent sequence module
incorporates neighboring information along the ray, after which the expert module performs adaptive
feature transformation.

3.3. Context-enhanced mixture-of-experts reconstruction
The reconstruction network addresses two complementary requirements. The sequence module enriches
each sample feature with local context, while the mixture-of-experts module adapts the feature
transformation to heterogeneous attenuation patterns. Their combination reduces the need for a single
shared transformation to represent all anatomical variations.

The network architecture is illustrated in Figure 1. To control computation and memory usage, the ray-wise
feature sequence is divided into K non-overlapping segments:

(XO}E | = Partition(X,K), X e RIXC. (8)

The length of each segment is

L=—. (€))

The segment count is chosen to divide the number of ray samples exactly.
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Each segment is first processed by the sequence module with a residual connection:
HK =x® 4 SeqProcess(X%)). (10)

The context-enhanced features are then processed by the mixture-of-experts module with another residual
connection:

YO = H® + MoE(H®). (11)

The residual paths retain the original features while allowing the two modules to learn complementary
corrections. The processed segments are subsequently restored to their original depth order.

3.3.1. Sequence processing module

An isolated spatial feature does not explicitly describe its neighboring samples. The sequence module
addresses this limitation by aggregating local information along the ray. Consequently, the router and expert
subnetworks receive context-enhanced features rather than isolated point features.

For a generic segment, layer normalization and a linear projection produce a feature branch A and a
modulation branch Z:

[A,Z] = Split [LayerNorm (X®))W ;] - (12)

The projection matrix has C input channels and 2C" output channels, so both branches contain L samples
with C' channels.

A depth-wise one-dimensional convolution aggregates neighboring samples in the feature branch:
Ageq = SiLU [DWConviD, (A)] Weeq. (13)

The modulation branch controls the contribution of the aggregated features, followed by an output
projection:

SeqProcess(X(k>) = [Aseq o} SiLU(Z)] Wout- (14)

The convolution operates along the sample dimension with length-preserving padding. The sequence
projection preserves C' channels, and the output projection maps the features back to C channels, ensuring
compatibility with the residual connection. The symbol between the two feature branches denotes element-
wise multiplication.

This module captures local ray-wise context, with its receptive field determined by the convolution kernel
and network depth. Independent segment processing does not introduce cross-segment communication. The
contextual operation is an architectural prior for the inverse problem, rather than a claim that the physical
attenuation coefficient depends on preceding ray samples.

3.3.2. Gated mixture-of-experts module

After contextual processing, the mixture-of-experts module applies different learned transformations to
different sample features. This provides a flexible alternative to requiring one shared MLP to model all local
attenuation patterns.
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Gated routing. For a generic segment, the context-enhanced features are first normalized:
H = LayerNorm(H®)). (15)
The normalized features are then mapped to expert probabilities:

G = Softmaxy (ﬁwg + 1ng) . (16)

The router maps C-channel features to probabilities over E experts, using a learnable weight matrix and bias.
Softmax is evaluated across the expert dimension. We use eight experts in the implementation.

For token #, Top-1 routing selects the expert with the largest probability:

= arg {max Ghe- a7

The selected index determines which expert processes the token. Routing is learned from reconstruction
supervision and does not require manually specified tissue labels or anatomical partitions.

Expert processing. Let h," denote the n-th row of the normalized feature matrix. Each expert is a three-layer

MLP with Gaussian error linear unit (GELU) activations between successive linear layers.
The first hidden representation is computed as
all) = GELU [(Wg”)T b, + bg”] : (18)
The second hidden representation is
al?) = GELU [(WSP)T all) + bf)] . (19)
The final expert output is
Fo(hy) = (WE) a2 + (. (20)

The first layer maps C channels to the hidden width C,, the second preserves that width, and the final layer
returns C output channels. Bias dimensions match the corresponding layer outputs.

Only the selected expert is evaluated for each token. Its output is weighted by the selected routing
probability:

Vn = Gn,e; Fe,*l (hy,). 21

The weighted token outputs are stacked to form the mixture-of-experts output:

v

MoEMH®™) = | : |. (22)

T
1

=~
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The processed tokens are restored to their original order before the residual addition. Retaining the selected
soft probability provides a gradient path to the router, although the discrete expert index itself is not
differentiated.

Through this mechanism, different experts can learn complementary transformations for different feature
patterns. Top-1 routing reduces expert computation relative to evaluating every expert for every token, but
does not by itself guarantee balanced utilization or a one-to-one correspondence between experts and tissue
categories.

3.3.3. Attenuation prediction and projection rendering
After expert processing, the segments are concatenated in their original depth order:

Y = Concatdeptn (Y(l), R Y(K)) . (23)
A shared prediction head then converts each feature into a positive attenuation estimate:
[ (r) = Softplus (w;yj + b#) . (24)

Here, y;' is the j-th row of the merged feature matrix, and the prediction head maps its C channels to a scalar.

Softplus produces positive values that can approach zero.
The sample predictions are integrated to obtain a logarithmic projection:
NS
Porea(r) = 6 Y fij(x). (25)
=1
When transmitted-intensity observations are required, the logarithmic projection is converted into intensity:
Ipred (I‘) = IO (I‘) eXp[_ppred(r)] . (26)

This differentiable rendering step connects the three-dimensional sample predictions to the measured
projection data. Projection errors can therefore update all learnable components of the reconstruction
network.

Because the network uses ray-wise context, its sample predictions are explicitly written as ray-conditioned
estimates. The architecture does not inherently guarantee identical predictions for the same spatial location
queried under different ray contexts.

3.4. Information-aware multi-scale loss

Projection supervision must address three complementary requirements: fidelity across views, preservation
of local boundaries, and consistency across spatial scales. We therefore combine an entropy-weighted
projection loss, a local gradient-aware loss, and a multi-scale auxiliary loss.

For compact notation, Q,,.,” and Q" denote the predicted and observed projections of view i in the selected

pred
supervision domain after identical fixed preprocessing. Reference values used for histogram construction are
normalized to the interval from zero to one.
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Let N, be the number of views in a batch and R, the number of sampled rays from view i. The residual at a

detector coordinate is

ei(w) = QW () - 0% (w). 27)

The basic fidelity penalty combines squared and absolute errors:
ple) = Ausge” + Anilel. (28)

The nonnegative coefficients balance the two error terms. Pixel-wise losses are averaged over the evaluated
ray samples rather than the number of pixels in an unrendered full projection.

3.4.1. Entropy-weighted projection loss
Different viewing angles produce different projection intensity distributions. Entropy weighting uses this
variation as a heuristic for assigning different importance to the observed views.

The entropy of each reference projection is computed as
B

& == ) Pib)logPi(b). (29)

b=1
P; (b)>0

Here, P(b) is the fraction of reference pixels falling into histogram bin b. Before histogram construction, each
reference projection is represented in the normalized intensity range from 0 to 1. The histogram contains 256
uniformly spaced bins; therefore, B is set to 256 in all experiments. Histogram bins with zero probability are
excluded before evaluating the logarithm. Consequently, no stabilization constant is added inside the
logarithm, and empty bins contribute zero to the entropy, exactly as specified in Equation (29). The entropy
is computed only from the observed reference projections and does not receive gradients.

The normalized batch weight of each view is

went = X&) (30)

l Z;V:vl exp(Eq)

When only one view participates in the weighted objective, its weight equals one.

The entropy-weighted projection loss is

N, R;
Loni = ) wi™ | = Z plei(uim) + ALprpstl (31)
i=1 Lm=1

The sampled detector locations are indexed by m. The pixel-wise terms constrain numerical agreement,
while the perceptual term provides complementary patch-level supervision.

Specifically, the perceptual term averages learned perceptual image patch similarity (LPIPS) over the
contiguous blocks sampled from each view:

grere Z LPIPS (Tpere (P2), Toere (P (32)
=

Here, J, is the number of valid contiguous blocks sampled from view i. The perceptual loss is implemented

using the official PyTorch LPIPS package of Zhang et al.®", with the learned LPIPS model and the pretrained

AlexNet backbone. The model is instantiated using lpips.LPIPS(net="alex’, Ipips=True). For each predicted
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and reference projection patch, the single-channel floating-point input is first represented in the normalized
range from 0 to 1. The channel is then replicated three times to form an input tensor with dimensions N x 3
x H x W. The resulting tensor is linearly mapped from the interval [0, 1] to the interval [-1, 1], as required by
the official LPIPS implementation. Identical preprocessing is applied to the predicted and reference patches.
The parameters of the pretrained AlexNet backbone and the learned LPIPS linear calibration layers remain
fixed during reconstruction optimization, although gradients with respect to the predicted input patches are
retained. LPIPS is computed separately for each valid contiguous projection block and is subsequently
averaged over the participating blocks and views. No LPIPS loss is applied to independently sampled pixels
because these samples do not form spatially contiguous image patches.

Histogram entropy measures intensity diversity rather than directly providing anatomical information. Its
role is therefore to provide heuristic view weighting, not a direct anatomical information measure.

3.4.2. Local gradient-aware loss

View-level weighting cannot distinguish an anatomical boundary from an uninformative region within the
same projection. The local loss addresses this limitation by assigning higher weights to pixels near strong
reference-image gradients.

Horizontal and vertical Sobel operators produce a gradient magnitude map:

gilw) = \/ Vol w] + [v.0fw)|" (33)

The gradient magnitude is normalized by its maximum value:

gi(u)
D: =—0° 7 34
1(u) maxy g;(V) + €p G4
The positive stabilization constant prevents division by zero for constant projections.
The normalized map is then spatially smoothed:
D; = AvgPools,5(D;). (35)

Average pooling preserves the map dimensions and reduces sensitivity to isolated high-frequency
fluctuations. Both normalization and smoothing are applied to reference data, so the resulting weights
remain fixed during optimization.

The local loss is evaluated at the sampled ray locations:
11y -
Liocal = 3~ Zl X mzl [+ Di(aim)] p(ei(wim). (36)

The unit baseline weight retains supervision in low-gradient regions, while the additional gradient weight
emphasizes boundaries and other edge-rich structures. LPIPS is not included in this term because the
weighting is defined at individual sampled pixels.

3.4.3. Multi-scale auxiliary loss

The multi-scale term complements original-resolution supervision by emphasizing structures that remain
visible after downsampling. It encourages agreement in broader spatial patterns while the preceding terms
retain fine-scale fidelity.
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Since independently sampled pixels do not form a dense image, multi-scale supervision is applied only to
contiguous block samples.

The predicted patches are downsampled by average pooling:

pred,s pred

PEb) _ AvePool,, (P(i’b)) . sef{2.4). 37)
The corresponding reference patches are downsampled using the same operation:

PP = AvgPool, (PU). s (2.4) (38)
Average pooling uses a stride equal to the scale factor. Patch dimensions are selected to support both
downsampling factors, and the resulting patches must remain compatible with the perceptual backbone.

At each scale, the entropy-weighted and local losses follow the definitions above, with pixel averages
evaluated over the downsampled patches. View entropy is recomputed from the corresponding
downsampled reference projection, while local gradient maps are recomputed from the downsampled
reference patches.

The auxiliary objective is

Ls = Z e (-[:ent,s + Llocal,s) ) as > 0. (39)
se{2,4}

The scale coefficients control the relative contribution of each reduced resolution. Original-resolution
supervision is excluded from this auxiliary term because it is already provided by the first two losses.

3.4.4. Overall objective
The complete objective combines the three complementary forms of supervision:

Ltotal = Bentlent + Blocal-[:local + ﬁmslmsw (40)

The entropy, local, and multi-scale coefficients are set to 0.8, 0.4, and 0.3, respectively. These coefficients
were manually predefined before the full experiments and were subsequently kept fixed for all datasets,
anatomical scenes, and compared experimental settings. They were not selected using a particular scene or
subject, and no scene-specific tuning or systematic hyperparameter search was performed. The coefficients
balance supervision across views, locations, and resolutions and are not required to sum to one.

The global and local terms intentionally share fidelity penalties with different weighting rules. Their
contributions are complementary but not mathematically independent. Detailed sampling settings, encoder
dimensions, and remaining loss hyperparameters are reported with the implementation settings.

3.5. Optimization and reconstruction outputs

All learnable components are jointly optimized using Adam with an initial learning rate of 0.0001. In each
iteration, selected projection samples are converted into calibrated rays, processed by the reconstruction
network, and rendered into predicted observations. The composite projection loss in Equation (40) is then
backpropagated through the entire pipeline. A paired reference volume is not required by this objective.
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After optimization, projections at additional viewing angles are synthesized using the same ray construction
and rendering procedure. For quantitative novel-view evaluation, the evaluated projection angles are
excluded from the optimization observations. This assesses within-scene synthesis rather than cross-subject
prediction by a pretrained model.

For volumetric reconstruction, AME-Net++ explicitly extracts the learned three-dimensional attenuation
field by querying the optimized neural representation on a dense regular grid. During evaluation, an axis-
aligned grid is generated according to the tomographic iterative GPU-based reconstruction (TIGRE) cone-
beam geometry, with nVoxel, dVoxel, and offOrigin converted to meters. The grid resolution is matched to
the reference CT volume, which is set to 128> by default, and the physical voxel spacing is preserved to
maintain the correct spatial scale. Unlike ray sampling during training, the grid extraction stage is
deterministic and does not introduce stochastic perturbations. The grid coordinates are flattened into an N x
3 coordinate matrix and processed in chunks of N, , =409,600 points for memory-efficient inference. Each
coordinate is first encoded by the multi-resolution hash encoder. The encoded features are then fed into the
proposed AME reconstruction module, where local contextual features are modeled by the sequence-
processing branch and heterogeneous attenuation patterns are further represented by the gated mixture-of-
experts branch. The learnable router selects the most suitable expert for each feature token, allowing different
spatial regions and attenuation patterns to be reconstructed by specialized expert subnetworks. Finally, a
shared attenuation prediction head maps the expert-enhanced features to positive attenuation coefficients.
The predicted coefficients from all chunks are concatenated and reshaped into the original three-
dimensional volume, yielding a single attenuation value for each voxel. Therefore, the reconstructed volume
is obtained by direct neural field extraction from the proposed adaptive mixture-of-experts representation.
This extraction procedure does not rely on analytical reconstruction, iterative voxel updates, or external
post-processing. Each voxel is evaluated once at its grid-center coordinate. No multi-directional sampling,
sliding-window inference, test-time augmentation, or ensemble averaging is used. The network parameters
remain fixed after optimization, and the same attenuation head used for differentiable projection rendering is
used for volumetric extraction, which keeps the 2D projection synthesis and 3D reconstruction results
consistent.

4. EXPERIMENTS

A systematic evaluation of the proposed method was conducted using public CT datasets covering multiple
anatomical regions, and comparisons were performed against representative reconstruction baselines. The
effectiveness of the proposed network architecture and loss function design is demonstrated through both
quantitative and qualitative experiments.

To provide a more comprehensive and rigorous evaluation, we further supplemented the experiments with
statistical significance analysis, reconstruction-time comparison, and additional validation on an in-house
animal interventional vascular dataset. This dataset was collected during interventional experiments at an
animal experimental facility under a study protocol approved by the Ethics Committee of Shanghai Xinova
Medical Research Co., Ltd. (approval No. XNM-YX-20221103-01). The collection and use of the dataset were
covered by this approval. These supplementary experiments assess not only reconstruction accuracy but also
computational efficiency, robustness, and potential clinical applicability.

4.1. Experimental settings

To simulate sparse-view reconstruction scenarios, we used several publicly available CT datasets covering the
head, foot, chest, pancreas, abdomen, leg, and aneurysm regions. These datasets were obtained from LIDC-
IDRI™), MIDA®, DeepOrgan”, and VOLVISP. Public CT datasets are mainly used to provide a broader
validation of AME-Net++ across different anatomical structures and imaging scenarios.
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For the public CT datasets, projection images were generated using the TIGRE tomography toolbox under a
cone-beam X-ray geometry, following the standard protocol adopted in related neural attenuation-field
reconstruction studies. For each scene, 100 projection views were uniformly generated over a full 360°
rotation, with an angular interval of 3.6° between consecutive views. The projections were divided into two
interleaved subsets according to their angular order. Fifty views with even indices were used for scene-
specific optimization, while the remaining 50 views with odd indices were held out exclusively for novel-view
projection evaluation. In addition, 3% synthetic noise was added to the generated projections to simulate
realistic imaging degradation.

We further constructed an in-house interventional vascular dataset collected at an animal experimental
facility under the approval of the Ethics Committee (approval No. XNM-YX-20221103-01), to evaluate the
feasibility of vascular reconstruction in a clinically relevant interventional setting. The preoperative CTA data
were acquired using a 256-slice CT scanner. The vascular structures were manually extracted from the CTA
images by experienced clinicians and used as the reference 3D vascular models. During the interventional
experiments, angiographic images were acquired from 10 different projection views and then used for
vascular reconstruction.

The 50-view setting is mainly used as a controlled sparse-view benchmark for complex volumetric
reconstruction involving multiple anatomical structures, including organs, vessels, bones, and surrounding
tissues. In contrast, the 10-view limited-angle setting in the animal interventional vascular dataset is used for
clinically oriented vascular reconstruction, where the reconstruction target is more focused and mainly
involves contrast-enhanced vascular structures.

4.2. Implementation details

AME-Net++ was implemented in PyTorch and optimized using the Adam optimizer for 2,000 epochs with
an initial learning rate of 1e-4. The X-ray batch size was set to 2,048 rays, consisting of 1,024 rays from block-
level sampling and 1,024 rays from pixel-level sampling. Uniform ray sampling was performed with 320
points per ray. For each public CT scene, 100 projection views are uniformly generated over a full 360°
acquisition trajectory. The 50 views with even zero-based indices are used for optimization, corresponding to
the angular sequence.

{0°,7.2°,14.4°,...,352.8°}.

The remaining 50 views with odd zero-based indices are held out exclusively for novel-view evaluation,
corresponding to

{3.6°,10.8°,18.0°, .. ., 356.4°}.

Thus, every held-out projection is located midway between two adjacent optimization views. None of the
held-out projections are used for network optimization, loss computation, hyperparameter determination, or
early stopping. The reported novel-view peak signal-to-noise ratio (PSNR) and structural similarity index
measure (SSIM) values are calculated exclusively from these 50 held-out projections. For the animal
interventional vascular reconstruction experiment, 10 intraoperative angiographic projection views are used
for each case. The number of experts in the gated mixture-of-experts module is set to 8, and the loss weights
Bono Boap a0d B are set to 0.8, 0.4, and 0.3, respectively. All experiments were conducted on an NVIDIA

A100 GPU. PSNR and structural similarity index are used as the main quantitative evaluation metrics.
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It should be clarified that AME-Net++ follows a NeRF-style implicit reconstruction paradigm and does not
use a conventional fixed training/testing split. For each anatomical scene or patient, the framework
establishes a mapping relationship between the available projection observations and the corresponding 3D
spatial representation. Since each patient has a different anatomical space and vascular morphology, a new
mapping relationship needs to be established for each patient based on the projection images acquired from
that patient. The resulting 3D reconstruction reflects the capability of the proposed implicit representation
and network design to recover patient-specific vascular structures from sparse-view observations.

Therefore, this work evaluates the quality of the reconstructed 3D structure under sparse-view conditions,
rather than cross-patient generalization in the conventional supervised-learning sense. The same network
design, loss functions, and optimization settings are applied across cases to ensure a fair evaluation of the
proposed reconstruction framework.

Quantitative metric implementation. For both novel-view projection synthesis and volumetric
reconstruction, the predicted and reference data were evaluated in the same normalized intensity domain.
All data were represented as single-channel floating-point arrays and normalized to the range [0, 1] using the
fixed transformation adopted during data preprocessing. The same transformation was applied to each
corresponding prediction-reference pair. No independent per-image, per-volume, or per-method
normalization was performed. Values outside the valid range were clipped to [0, 1] before evaluation, and no
histogram matching was applied. PSNR and SSIM were calculated using the peak_signal_noise_ratio and
structural_similarity functions from skimage.metrics, respectively, with data_range=1.0. For novel-view
projection synthesis, PSNR and SSIM were calculated separately for each of the 50 held-out projections and
then averaged over all held-out views. For volumetric reconstruction, the metrics were calculated directly
over the complete reconstructed and reference volumes at the same voxel resolution. The same evaluation
procedure was applied to all compared methods.

4.3. Self-built animal interventional vascular dataset

To further validate the proposed method under real interventional imaging conditions, an in-house animal
interventional vascular dataset was collected under a protocol approved by the Animal Ethics Committee of
Shanghai Xinova Medical Research Co., Ltd. on November 3, 2022 (approval No. XNM-YX-20221103-01).
Following ethical approval, 31 Bama miniature pigs (16 females and 15 males), aged 12-14 months and
weighing 30-45 kg at the time of the experiments, were purchased on November 4, 2022. The laboratory
animal production license associated with the animal source was No. SCXK (Su) 2021-0007. The experiments
were conducted at the Laboratory Animal Center of Shanghai Xinova Medical Research Co., Ltd. from
November 13 to 20, 2022. Anesthesia was induced by subcutaneous injection of ketamine hydrochloride and
maintained with inhaled isoflurane in oxygen following endotracheal intubation. Electrocardiographic
activity and oxygen saturation were continuously monitored throughout the procedures. After anesthesia,
the animals were positioned supine, and femoral venous access was established using the Seldinger
technique, followed by placement of a 6-F vascular sheath. Preoperative contrast-enhanced CT angiography
of the thoracoabdominal aorta was performed using a 256-slice CT scanner, with a total contrast volume of
70 mL administered at an injection rate of 3 mL/s. Vascular structures were manually extracted from the
CTA images by experienced clinicians to serve as the reference 3D vascular models. During navigation
functionality validation, vascular projection images were acquired from 10 different angles and used as input
for vascular reconstruction to evaluate the method’s ability to assist surgical procedures. During the
experiment, one animal developed myocardial ischemia, and its data were excluded from the final analysis.
Data from the remaining 30 animals were therefore included. Completion of the navigation functionality
validation marked the planned experimental endpoint, after which the surviving animals were euthanized.
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5. RESULTS

We compare AME-Net++ with several representative baselines, including FDK, IntraTomo, NeRF, TensoRF,
and neural attenuation fields (NAF), on both 3D reconstruction and projection synthesis tasks. As shown in
Tables 1 and 2, our framework achieves the best or near-best results on most anatomical scenes,
demonstrating strong effectiveness and robustness under sparse-view conditions. In addition to the mean
quantitative metrics, Table 3 presents the statistical significance analysis. Table 4 reports the ablation study
results for AME-Net++, while Table 5 summarizes the validation results on our self-built animal
interventional vascular dataset. Finally, Table 6 compares the reconstruction times of the evaluated methods.

It should be emphasized that the evaluation follows a projection-based implicit reconstruction protocol. For
each scene or patient, the available projection observations are used to establish the mapping relationship to
the corresponding 3D spatial representation. Therefore, the reported results assess the reconstruction
capability of the proposed representation, network architecture, loss function, and optimization strategy
under sparse-view conditions, rather than cross-patient prediction performance in the conventional
supervised-learning sense.

3D reconstruction. Table 1 reports the quantitative 3D reconstruction results on seven CT scenes. On
average, AME-Net achieves the best overall performance among all compared methods, reaching a PSNR of
35.06 dB and an SSIM of 0.9688. By further incorporating the proposed composite loss, AME-Net++
improves the average results to 35.71 and 0.9732, respectively. In contrast, the strongest baseline, NAF,
reaches 33.43 in PSNR and 0.9446 in SSIM. These results highlight clear gains in both reconstruction
accuracy and structural similarity.

The proposed framework demonstrates consistent advantages across anatomically diverse regions. On the
chest scene, AME-Net++ achieves 34.01 in PSNR and 0.9686 in SSIM, surpassing NAF (33.05/0.9581). On the
abdomen scene, it further improved the performance to 35.44 dB and 0.9635, ranking first among all
compared methods. The gains become even more evident on structurally complex scenes such as aneurysm,
head, and leg, where AME-Net++ reaches 41.11/0.9970, 39.67/0.9897, and 44.62/0.9983, respectively. These
results indicate that AME-Net++ captures heterogeneous attenuation patterns more effectively and preserves
fine anatomical structures more faithfully than previous methods.

The reported mean values summarize the numerical performance differences, while paired two-sided
Wilcoxon signed-rank tests provide complementary statistical evidence for the performance comparisons
across the seven anatomical scenes. As reported in Table 3, AME-Net++ achieves nominally significant
improvements over AME-Net in 3D reconstruction SSIM (P = 0.031) and projection synthesis PSNR (P =
0.016) at the uncorrected significance threshold of 0.05. In contrast, the improvements in 3D reconstruction
PSNR (P = 0.063) and projection synthesis SSIM (P = 0.219) do not reach this threshold and should therefore
be interpreted as numerical performance trends rather than statistically significant gains.

All reported P-values are uncorrected, and no multiple-comparison correction was applied. Paired
observations with zero differences were excluded before ranking, reducing the effective sample size for some
comparisons. The statistical results suggest that the observed differences generally favor AME-Net++, but
this overall tendency alone does not establish statistical significance. Given the limited number of scenes and
the multiple comparisons, these findings should be interpreted as exploratory rather than confirmatory.

Projection synthesis. Table 2 summarizes the quantitative results on novel-view projection synthesis across
multiple medical imaging scenes. AME-Net again shows a substantial advantage over all competing methods,
achieving an average PSNR/SSIM of 50.88/0.9993. With the proposed composite loss, AME-Net++ further
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Table 1. Comparison of different methods on CT reconstruction datasets

FDK IntraTomo NeRF TensoRF NAF AME-Net AME-Net++

Scene PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Chest 22.89 0.7861 22.04 0.7460 28.40 0.8925 30.13 0.9308 33.05 0.9581 33.71 0.9681 34.01 0.9686
Abdomen 22.63 0.6030 28.05 0.8754 29.71 0.9049 31.51 0.9073 34.45 0.9501 34.21 0.9530 35.44 0.9635
Aneurysm 28.07 0.7295 30.32 0.9652 31.97 0.9353 37.36 0.9871 37.73 0.9871 41 0.9958 4 0.9970
Foot 24.53 0.6000 31.43 0.9127 30.03 0.9072 30.46 0.9153 31.63 0.9363 3213 0.9292 32.34 0.9414
Head 26.17 0.7155 31.07 0.9303 34.15 0.9672 35.53 0.9672 36.46 0.9743 39.67 0.9897 39.67 0.9897
Leg 28.48 0.6690 36.41 0.9882 39.27 0.9938 40.70 0.9923 41.28 0.9940 41.89 0.9963 44.62 0.9983
Pancreas 9.64 0.1232 16.01 0.7865 17.73 0.8614 19.75 0.7737 19.41 0.8126 22.70 0.9494 22.77 0.9536
Average 23.20 0.6038 27.90 0.8863 30.18 0.9232 32.21 0.9248 33.43 0.9446 35.06 0.9688 35.71 0.9732

The best average PSNR and SSIM values are highlighted in bold. CT: Computed tomography; FDK: Feldkamp-Davis—Kress; NeRF: neural radiance fields; NAF: neural attenuation fields; PSNR: peak signal-to-noise ratio; SSIM:
structural similarity index measure.

Table 2. Comparison of projection synthesis performance on multiple medical imaging scenes

IntraTomo NeRF TensoRF NAF AME-Net AME-Net++

Scene PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Chest 28.95 0.9915 36.16 0.9988 23.61 0.9402 4237 0.9993 49.26 0.9994 50.35 0.9995
Leg 42.53 0.9976 4592 0.9989 41.40 0.9969 50.87 0.9988 53.18 0.9995 59.46 0.9998
Foot 39.48 0.9979 41.05 0.9989 37.73 0.9929 38.35 0.9913 46.91 0.9994 47.43 0.9994
Head 34.83 0.9977 29.76 0.9921 34.43 0.9878 30.17 0.9531 53.69 0.9996 55.69 0.9997
Pancreas 20.03 0.8537 19.85 0.8560 29.24 0.8031 36.23 0.8844 49.87 0.9978 50.19 0.9981

Abdomen 27.64 0.9646 24.62 0.9559 27.38 0.8730 37.59 0.9855 51.28 0.9995 52.25 0.9996
Aneurysm 20.81 0.9621 24.97 0.9792 47.99 0.9997 39.62 0.9990 52.00 0.9998 54.76 0.9996
Average 30.61 0.9664 31.76 0.9685 34.54 0.9419 39.31 0.9731 50.88 0.9993 52.88 0.9994

The best average PSNR and SSIM values are highlighted in bold. NeRF: Neural radiance fields; NAF: neural attenuation fields; PSNR: peak signal-to-noise ratio; SSIM: structural similarity index measure.

improves the average PSNR to 52.88 while maintaining strong synthesis quality overall. Compared with NAF (39.31), the proposed framework shows a much stronger
capability for novel-view projection generation.
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Table 3. Statistical comparison of AME-Net++ with the remaining competing methods over the seven anatomical scenes

PSNR SSIM

Compared method

Effective n P-value RBC Effective n P-value RBC
CT reconstruction
FDK 7 0.016 1.000 7 0.016 1.000
IntraTomo 7 0.016 1.000 7 0.016 1.000
NeRF 7 0.016 1.000 7 0.016 1.000
TensoRF 7 0.016 1.000 7 0.016 1.000
NAF 7 0.016 1.000 7 0.016 1.000
AME-Net 5 0.063 1.000 6 0.031 1.000
Projection synthesis
IntraTomo 7 0.016 1.000 7 0.016 1.000
NeRF 7 0.016 1.000 7 0.016 1.000
TensoRF 7 0.016 1.000 7 0.031 0.929
NAF 7 0.016 1.000 7 0.016 1.000
AME-Net 5 0.063 1.000 6 0.025 0.619

P-values were obtained from separate two-sided Wilcoxon signed-rank tests without correction for multiple comparisons. Zero paired differences
were excluded before ranking, and tied absolute differences were assigned average ranks. The effective sample size reported in the table is the
number of nonzero paired differences included in each test. Effect sizes are reported as RBC. Differences were defined as AME-Net++ minus the
comparison method; positive RBC values therefore indicate better performance of AME-Net++. Given the limited number of scenes and the multiple
pairwise comparisons, the P-values should be interpreted as exploratory rather than confirmatory statistical evidence. PSNR: Peak signal-to-noise
ratio; SSIM: structural similarity index measure; RBC: rank-biserial correlation; CT: computed tomography; FDK: Feldkamp-Davis—Kress; NeRF:
neural radiance fields; NAF: neural attenuation fields.

Table 4. Quantitative ablation study of the proposed AME-Net++ components on the novel-view projection synthesis task

MoE module Sequence module Entropy loss local gradient-aware loss Multi-scale loss PSNR (dB) SSIM

4497 0.9985
N 48.73 0.9990
Nl % 50.88 0.9993
N J 51.57 0.9993
Nl % 51.89 0.9993
N J N N 52.88 0.9994

For the novel-view projection synthesis task, we start with a baseline without MoE or sequence modules and progressively integrate the
architectural modules to form AME-Net. We then sequentially incorporate the three joint loss formulations to obtain the optimal AME-Net++
configuration. Bold indicates the best performance. PSNR: Peak signal-to-noise ratio; SSIM: structural similarity index measure; MoE: mixture of
experts.

Table 5. Comparison results on our self-built animal interventional vascular dataset

Multiview synthesis 3D reconstruction
Method
PSNR SSIM PSNR SSIM

TensoRF 34.07 0.9830 22.82 0.9730
NAF 40.05 0.9962 23.97 0.9856
IntraTomo 37.69 0.9939 23.76 0.9852
NeRF 4314 0.9982 20.99 0.7284
AME-Net 4519 0.9985 2511 0.9880
AME-Net++ 50.1 0.9985 26.88 0.9918

The dataset comprises data from 30 experimental animals, including intraoperative angiographic projection images acquired from 10 views and 3D
vascular reference data manually extracted from CTA images. Figure 4 shows a randomly selected example from the dataset. The best results are
shown in bold, and the second-best results are underlined. PSNR: Peak signal-to-noise ratio; SSIM: structural similarity index measure; NAF: neural
attenuation fields; NeRF: neural radiance fields; CTA: computed tomography angiography.
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Table 6. Estimated average reconstruction time per case under the evaluated protocol using an NVIDIA A100 GPU

Method Estimated reconstruction time Hardware

IntraTomo 40.0 min NVIDIA A100 GPU
NeRF 6.56 h NVIDIA A100 GPU
FDK 23.3 min NVIDIA A100 GPU
TensoRF 1.28h NVIDIA A100 GPU
NAF 117 h NVIDIA A100 GPU
AME-Net++ 30.39h NVIDIA A100 GPU

For neural reconstruction methods, the reported time corresponds to the fixed 2,000-epoch optimization protocol on the public CT datasets. For
FDK, the reported time corresponds to analytical reconstruction and does not involve optimization epochs. NeRF: Neural radiance fields; FDK:
Feldkamp—-Davis—Kress; NAF: neural attenuation fields; CT: computed tomography.

On the chest scene, AME-Net++ achieves 50.35/0.9995, outperforming NAF (42.37/0.9993). On the leg scene,
it reaches 59.46/0.9998, achieving the highest reported values for both metrics. PSNR improvements over
AME-Net are also observed on the foot, head, pancreas, abdomen, and aneurysm scenes. In particular, on
the head scene, AME-Net++ achieves 55.69/0.9997, whereas the external baseline with the highest PSNR
reaches 34.83/0.9977. On the aneurysm scene, AME-Net++ achieves the highest PSNR of 54.76 dB, although
its SSIM of 0.9996 is slightly lower than those of AME-Net (0.9998) and TensoRF (0.9997). Overall, AME-
Net++ achieves the highest average PSNR and SSIM among the compared methods, supporting its
effectiveness for novel-view projection synthesis under the evaluated sparse-view setting.

Effect of the proposed design. The quantitative results show the combined contribution of the proposed
architectural and loss designs. AME-Net consistently outperforms existing neural reconstruction baselines
across most scenes. This improvement suggests that the gated mixture-of-experts design effectively models
region-dependent attenuation patterns, especially in anatomically heterogeneous regions where a single
shared representation may struggle to capture complex local variations.

Second, the proposed multi-scale information-aware weighted composite loss further strengthens the base
model. In 3D reconstruction, it improves the average PSNR from 35.06 to 35.71 and the average SSIM from
0.9688 to 0.9732. In projection synthesis, it further boosts the average PSNR from 50.88 to 52.88. These
results indicate that the proposed loss enhances supervision over informative structures and edge-rich
regions, leading to better global structural consistency and finer local detail preservation.

The qualitative comparisons in Figures 2 and 3 further support the quantitative findings. Compared with
competing methods, AME-Net++ reconstructs clearer anatomical structures, introduces fewer artifacts, and
preserves tissue boundaries more continuously. These advantages become especially prominent in regions
with complex geometry, fine-scale structures, and heterogeneous attenuation patterns, where existing
methods often suffer from blurred boundaries, missing details, or inconsistent intensities. Together, these
results demonstrate the practical value of AME-Net++ for sparse-view projection-based volumetric

reconstruction.

Ablation study. In the ablation study presented in Table 4, we conducted a progressive analysis of the key
components of the proposed method. Starting from the baseline model, we sequentially integrated the MoE
module and the sequence module to form AME-Net. Then we incorporated the entropy loss, local gradient-
aware loss, and multi-scale loss to obtain the final AME-Net++. The ablation results show that the complete
AME-Net++ configuration outperforms the baseline in both PSNR and SSIM, achieving the highest reported
values among the tested configurations. However, the changes are not consistent across metrics, and SSIM
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Figure 2. Comparison of reconstruction results on public datasets. The visualization demonstrates that AME-Net++ better preserves
anatomical boundaries and structural continuity under sparse-view reconstruction. FDK: Feldkamp—Davis—Kress; NeRF: neural radiance
fields; NAF: neural attenuation fields; GT: ground truth.

Foot Leg Head

Figure 3. Comparison of multi-angle projection synthesis results with the corresponding ground truth on public datasets. Projections
synthesized by our method are shown in blue, and ground-truth projections are shown in green for three anatomical regions: foot, leg, and
head.

does not increase with every component addition. Specifically, SSIM remains at 0.9993 at the reported
precision after adding the entropy loss and the local gradient-aware loss, and increases to 0.9994 after adding
the multi-scale loss. Overall, these results support the effectiveness of the combined design in improving
overall model performance.

Validation on the self-built animal interventional vascular dataset. Table 5 reports the quantitative
reconstruction results on the self-built animal interventional vascular dataset. The proposed AME-Net++
achieves stable vascular reconstruction performance and preserves the overall vascular morphology in most
cases. As shown in Figure 4, the qualitative reconstruction results on this dataset further demonstrate good
structural continuity and spatial consistency with the reference vasculature. These results in an animal
interventional setting suggest that AME-Net++ is not limited to public or simulated datasets and support its
potential applicability to vascular imaging data acquired during animal interventional experiments.

Beyond voxel-wise metrics (PSNR and SSIM), we performed a centerline-based geometric evaluation of the
reconstructed vasculature. The centerline error was measured using the mean centerline distance, defined as
the average closest-point Euclidean distance between the reconstructed vascular centerline and the CTA-
derived reference centerline. Under this metric, AME-Net++ achieved a centerline error of less than 3 mm in
the evaluated 10-view setting, indicating its ability to preserve the primary vascular trajectories with good
spatial accuracy. The qualitative results also show close agreement with the ground truth in overall vascular
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Multi-view Synthesis

Original Projection Data

Figure 4. Visualization of original vascular projection data and multi-view synthesis results from different viewing angles on our self-built
animal interventional vascular dataset. The original projection data serve as the reference input, while the synthesized projections show
consistent vascular morphology across multiple viewpoints.

course, branching structure, and spatial configuration, with no obvious artifacts or disruptions in the
visualized cases.

Reconstruction time and optimization analysis. To evaluate the computational cost of AME-Net++, we
compared the estimated average reconstruction time per case under the same hardware environment using
an NVIDIA A100 GPU. As summarized in Table 6, the neural reconstruction methods were evaluated under
a fixed optimization protocol of 2,000 epochs, whereas FDK was evaluated as an analytical reconstruction
method without neural-network optimization.

Under this fixed protocol, AME-Net++ required an estimated average reconstruction time of 30.39 h on the
public CT datasets, which was longer than those of the compared methods. The additional computational
cost is associated with sequence-based feature processing, gated mixture-of-experts modeling, and multi-
scale loss evaluation. Although Top-1 routing evaluates only one expert for each feature token, the contextual
processing, routing, and expert-dispatch operations still introduce computational overhead. Thus, AME-
Net++ should currently be regarded as a reconstruction-quality-oriented framework rather than a real-time
reconstruction method.

To complement the fixed-protocol runtime comparison, Figure 5 presents the evolution of 3D
reconstruction PSNR and SSIM at checkpoints spaced every 100 epochs. The upper row shows the mean
results across the seven public CT scenes, while the lower row shows the mean results across the 30 cases in
the self-built animal interventional vascular dataset. PSNR and SSIM are presented in the left and right
columns, respectively. At each checkpoint, the reconstructed volumes were evaluated using the same
preprocessing and volumetric metric implementation described in Section 4.2. These curves characterize
reconstruction quality during scene-specific optimization rather than cross-subject prediction performance.

The runtime required to complete the fixed protocol should be distinguished from the time required to reach
a predefined reconstruction-quality criterion. In a separate retrospective assessment, approximately 1 h for
public CT reconstruction and 4 min for animal vascular reconstruction corresponded to the elapsed time at
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Figure 5. Evolution of 3D reconstruction quality during scene-specific optimization of AME-Net++. (A) Mean PSNR and (B) mean SSIM
across the seven public CT scenes using 50 projection views per scene; (C) Mean PSNR and (D) mean SSIM across the 30 cases in the
self-built animal interventional vascular dataset using 10 intraoperative angiographic views per case. Metrics were evaluated on
reconstructed 3D volumes at checkpoints spaced every 100 epochs. The same axis ranges are used for corresponding metrics across the
two datasets. PSNR: Peak signal-to-noise ratio; SSIM: structural similarity index measure; CT: computed tomography.

the first evaluated checkpoint where the relative discrepancy from the corresponding 2,000-epoch reference
reconstruction was within 5%. These reference runs were used only for retrospective assessment and did not
determine optimization stopping.

The public CT and animal vascular experiments differ in both reconstruction targets and acquisition settings:
the former reconstructs heterogeneous full volumes from 50 projection views per scene, whereas the latter
focuses on vascular structures from 10 intraoperative angiographic views per case. Their time-to-quality
values are therefore setting-specific and should not be interpreted as a controlled comparison of
computational efficiency. Moreover, agreement with a reference reconstruction does not establish clinical
acceptability, and the retrospective criterion is not an intraoperative stopping rule. Together, the runtime
and checkpoint analyses provide complementary descriptions of computational cost and reconstruction
quality, while highlighting the need for further acceleration and prospective validation.

Clinical utility of reconstructed volumes. Regarding downstream utility, AME-Net++ is not mainly
designed as a preprocessing module for conventional segmentation or classification tasks. Instead, its
primary objective is to reconstruct intraoperative 3D anatomical information from a limited number of X-
ray projections, thereby providing a 3D visual representation for image-guided intervention, robotic surgical
navigation, and intraoperative spatial mapping. In current clinical practice, physicians usually observe
vascular structures through only a few 2D X-ray projections and need to infer the underlying 3D spatial
anatomy from these limited views based on substantial anatomical experience and spatial imagination, which
imposes a high cognitive burden. Although contrast-enhanced angiographic projections provide important
intraoperative information, obtaining a true intraoperative 3D vascular reference remains difficult. The
reconstructed 3D volume can help physicians observe vascular morphology from multiple virtual viewpoints,
better understand the global vascular contour and spatial course, and support navigation-oriented
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intraoperative decision-making. Therefore, the clinical value of the proposed method lies primarily in
providing an intraoperative 3D visual backbone rather than improving a single conventional downstream
recognition task.

6. DISCUSSION

Although AME-Net++ achieves improved reconstruction performance under the evaluated sparse-view
settings, several limitations should be acknowledged.

First, the required number of projection views cannot yet be reduced to the extremely low level ideally
expected in practical intraoperative scenarios. Clinically, it is desirable to complete reconstruction from only
a few projection angles to reduce radiation exposure, shorten acquisition time, and improve intraoperative
workflow. However, under such ultra-sparse-view conditions, the available geometric constraints are severely
insufficient, which may lead to structural ambiguity, missing fine details, and degraded reconstruction
fidelity.

In this study, the 50-view setting is mainly used as a controlled sparse-view benchmark for complex full-
volume reconstruction involving multiple anatomical structures. For clinically oriented vascular
reconstruction on our self-built animal interventional vascular dataset, we used a more realistic 10-view
limited-angle setting. The results suggest that relatively sparse and concentrated vascular structures can be
reconstructed from fewer views than complex multi-tissue CT volumes. Nevertheless, more extreme settings,
such as 5-view reconstruction, remain challenging and require further investigation.

Second, the advantage of AME-Net++ depends on the complexity of the reconstruction target. The proposed
method is mainly designed for complex reconstruction scenarios involving heterogeneous attenuation
distributions, weak contrast regions, and region-dependent anatomical variations. When the target structure
is relatively simple, such as isolated vascular reconstruction with clear geometry and limited surrounding
tissue interference, simpler NeRF-based methods may already achieve competitive results. In such cases, the
advantage of the adaptive mixture-of-experts design may become less pronounced. The strength of AME-
Net++ is more evident in anatomically complex scenarios where multiple tissue types, weak contrast, and
heterogeneous attenuation patterns coexist.

Third, AME-Net++ is not a conventional supervised model with a fixed training/testing split. Instead, it
follows a NeRF-style implicit representation paradigm, whose goal is to establish the mapping relationship
between projection observations and the corresponding 3D spatial representation for each scene or patient.
Since each patient has different anatomical space and vascular morphology, a new mapping relationship
needs to be established for each patient based on the acquired projection images. Therefore, the current
evaluation focuses on reconstruction quality under sparse-view conditions rather than cross-patient
generalization in the conventional supervised-learning sense.

Fourth, computational efficiency remains an important limitation. For complex high-resolution CT
reconstruction, AME-Net++ requires longer reconstruction time than several baseline methods because of
the sequence modeling module, gated mixture-of-experts routing, and multi-scale information-aware
optimization. Therefore, AME-Net++ should currently be positioned as a reconstruction-quality-oriented
framework rather than a real-time reconstruction method. For vascular-only reconstruction, the
optimization converges much faster due to the sparse and high-contrast nature of the target structure, but
further acceleration is still necessary for routine intraoperative deployment.
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The reported reconstruction times represent two distinct measures: the runtime of a fixed optimization
protocol and a retrospective time-to-quality measure. The 30.39 h reported for AME-Net++ in Table 6
corresponds to completion of the fixed 2,000-epoch protocol used for neural-method comparisons on the
public CT datasets. In contrast, approximately 1 h for full-volume reconstruction on the public CT datasets
covering seven anatomical regions and 4 min for vascular-only reconstruction on our in-house animal
interventional vascular dataset denote the elapsed time at the first evaluated checkpoint where the relative
discrepancy from the corresponding 2,000-epoch reference reconstruction was within 5%. These reference
runs were used solely for retrospective assessment and did not determine when optimization was stopped.
The public CT benchmark used 50 input projection views per scene, whereas the in-house animal vascular
experiments used 10 intraoperative angiographic views per case. Given these differences in input views and
reconstruction targets, the time-to-quality values are setting-specific and not directly comparable. Moreover,
agreement with a reference reconstruction does not establish clinical acceptability, and this retrospective
criterion is not an intraoperative stopping rule. These findings suggest potential for faster vascular
reconstruction but do not establish real-time applicability.

Fifth, the loss weights and other major hyperparameters were manually predefined before the full
experiments and were then kept unchanged across all datasets, anatomical scenes, and experimental cases.
No particular scene or subject was used for scene-specific parameter selection, and no systematic grid search
or other automated hyperparameter optimization was performed. Therefore, the reported configuration
should be interpreted as a fixed practical setting rather than a globally optimal parameter combination.
Future work may investigate Bayesian optimization, adaptive loss-weight learning, or uncertainty-based
weighting to reduce manual parameter specification.

Finally, although the current framework improves reconstruction through adaptive feature modeling, gated
mixture-of-experts representation, and multi-scale information-aware supervision, it does not yet explicitly
incorporate strong prior knowledge, such as anatomical shape priors, vessel topology constraints, pretrained
neural field priors, or generative reconstruction priors. Without these priors, it remains challenging to
substantially reduce the number of required projection views while maintaining high reconstruction
accuracy.

Future work will focus on more clinically practical ultra-sparse-view reconstruction settings and on
incorporating stronger prior information into the reconstruction framework. Potential directions include
anatomical priors, vascular topology constraints, pretrained shape or neural representation priors, diffusion-
based generative priors, temporal consistency from sequential intraoperative X-ray images, and more
efficient patient-specific mapping construction. We believe that combining adaptive neural reconstruction
with such priors is necessary for further reducing the required number of projections and improving the
clinical applicability of intraoperative 3D reconstruction.

7. CONCLUSION

This paper investigates intraoperative 3D reconstruction from multi-angle X-ray projections under sparse-
view conditions. To tackle the severe information degradation, compromised local detail fidelity, and
reconstruction instability, we propose an adaptive mixture-of-experts network (AME-Net++). Our approach
incorporates a local-global collaborative modeling strategy that couples sequence-dependency learning along
ray trajectories with a gated Mixture-of-Experts mechanism, thereby achieving region-specific attenuation
representation and reconstruction. Furthermore, a multi-scale awareness composite loss is designed to
concurrently enhance global anatomical consistency and local detail fidelity. Extensive experiments
demonstrate that AME-Net++ achieves superior performance in both projection synthesis and 3D
volumetric reconstruction across various medical imaging benchmarks, while maintaining high robustness
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under sparse-view constraints. Statistical analyses provide exploratory support for improvements in selected
metrics, while other gains remain numerical rather than statistically significant. Crucially, validation on an
in-house animal interventional vascular dataset confirms that the framework reliably preserves global vessel
morphology and principal branches, keeping the mean centerline error within 3 mm. As a framework
tailored for intraoperative interventions, this paradigm demonstrates strong clinical potential for facilitating
low-radiation 3D navigation.
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