LAMIGAUSS: PITCHING RADIATIVE GAUSSIAN FOR SPARSE-VIEW X-RAY
LAMINOGRAPHY RECONSTRUCTION

Chu Chen', Ander Biguri®, Jean-Michel Morel®, Raymond H. Chan®*, Carola-Bibiane Schionlieb?,
and Jizhou Li>57

! Department of Mathematics, City University of Hong Kong, Hong Kong, China
2 Department of Applied Mathematics and Theoretical Physics, University of Cambridge, UK
3 School of Data Science, Lingnan University, Hong Kong, China
4 Department of Operations and Risk Management, Lingnan University, Hong Kong, China
® Department of Electronic Engineering, The Chinese University of Hong Kong, Hong Kong, China
6 CUHK Shenzhen Research Institute, Shenzhen, China
7 Shun Hing Institute of Advanced Engineering, CUHK, Hong Kong, China

ABSTRACT

X-ray Computed Laminography (CL) is essential for non-destructive
inspection of plate-like structures in applications such as microchips
and composite battery materials, where traditional computed to-
mography (CT) struggles due to geometric constraints. However,
reconstructing high-quality volumes from laminographic projec-
tions remains challenging, particularly under highly sparse-view
acquisition conditions. In this paper, we propose a reconstruction
algorithm, namely LamiGauss, that combines Gaussian Splatting ra-
diative rasterization with a dedicated detector-to-world transforma-
tion model incorporating the laminographic tilt angle. LamiGauss
leverages an initialization strategy that explicitly filters out com-
mon laminographic artifacts from the preliminary reconstruction,
preventing redundant Gaussians from being allocated to false struc-
tures and thereby concentrating model capacity on representing the
genuine object. Our approach effectively optimizes directly from
sparse projections, enabling accurate and efficient reconstruction
with limited data. Extensive experiments on both synthetic and real
datasets demonstrate the effectiveness and superiority of the pro-
posed method over existing techniques. LamiGauss uses only 3% of
full views to achieve superior performance over the iterative method
optimized on a full dataset.

Index Terms— Computed Laminography, Gaussian Splatting,
Sparse-view Reconstruction.

1. INTRODUCTION

X-ray Computed Tomography (CT) is a powerful imaging technique
that enables the visualization of internal structures by reconstructing
a 3D volume from a series of 2D X-ray projections from different
angles. It has become an indispensable tool across a wide range of
fields, including medical science [1], battery research [2], biological
research [3]], and industrial inspection [4}5]]. However, conventional
CT faces inherent limitations when inspecting flat, plate-like objects
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such as printed circuit boards, pouch battery cells, composite panels,
or artworks.

To address this challenge, Computed Laminography (CL) em-
ploys a specialized scanning geometry where the rotation axis of the
sample is tilted at an angle of less than 90° to the horizontal [6}[7] as
shown in Fig.[T[a). This configuration ensures that for any given ro-
tation angle, the X-ray beam traverses a relatively short path through
the plate-like object, significantly improving penetration and signal-
to-noise ratio. This capability has enabled its successful application
across various fields, including ptycho-laminography imaging of in-
tegrated circuits [8], in situ monitoring of battery component evolu-
tion [9]], and high-resolution inspection of large-sized samples [[10,
11]. Despite its advantageous geometry, high-quality CL recon-
struction remains a challenging inverse problem, particularly un-
der highly sparse-view acquisition settings aimed at reducing scan-
ning time. Traditional analytical algorithms, such as the FDK algo-
rithm [12]], are computationally efficient but produce severe streak
artifacts when projections are limited. Iterative algorithms [13| 14}
15]] incorporate prior knowledge (e.g., total variation regularization)
to suppress noise and artifacts but often suffer from over-smoothed
textures and prolonged computation time.

Recently, 3D Gaussian Splatting (GS) [16] has emerged as a
groundbreaking technique in computer vision for novel view syn-
thesis. It represents a 3D scene with a set of anisotropic Gaussians
and utilizes a highly efficient differentiable rasterizer for render-
ing, demonstrating remarkable rendering quality and speed. This
paradigm has been extended to X-ray imaging [[17} 18} [19]], with im-
pressive performance for synthesizing novel views. However, being
a generalization of CT geometry, these methods lack geometry flex-
ibility and fail in CL representation.

We propose LamiGauss, a framework for direct, high-quality
CL reconstruction from sparse projections. Our method introduces a
rasterization process with CL geometry and an artifact filtering (AF)
initialization that suppresses common laminographic artifacts, en-
abling faster convergence and better reconstructions. Experiments
on synthetic and real datasets show that LamiGauss outperforms
baselines in both accuracy and efficiency, even surpassing traditional
methods trained on thousands of views using only 80.

The main contributions are summarized as: (1) We propose
LamiGauss, the first 3DGS-based framework for direct CL recon-
struction, which integrates the transformation for the laminographic



tilt angle; (2) We introduce the artifact filtering (AF) initialization
that effectively prevents the wasteful allocation of Gaussians on
laminographic artifact regions; (3) Extensive experiments on syn-
thetic and real data demonstrate that our method achieves superior
reconstruction quality, especially in highly sparse-view settings.

2. METHOD

Our goal is to reconstruct the 3D attenuation coefficient distribution
o(x) of an object from a highly sparse set of its X-ray laminogra-
phy projections {I;};=1,...,n. The LamiGauss consists of four key
components: 1) initialization with artifact filtering (AF), 2) radia-
tive Gaussians representation, 3) X-ray rasterization process under
laminography geometry, and 4) optimization. An overview of our
pipeline is illustrated in Fig.[T]

2.1. Radiative Gaussians Representation

We represent the scanned object as a set of learnable 3D Gaus-
sian kernels G® = {G?}izl,l. .M, termed radiative Gaussians fol-
low [I7.[18]. Each kernel G¢ defines a local Gaussian-shaped den-
sity field:
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where p; € RY, pPi € R2, and 3; € R3**3 are the learnable parame-
ters representing the central density, position, and covariance matrix
of the i-th Gaussian, respectively. The overall density at any point
x € R? is computed by summing the contributions from all kernels:

M

o(x) = G (x[pi, pi, 2i). )
=1

For stability [16], the covariance matrix X; is parameterized by a
rotation matrix R; and a scaling matrix S;: 3; = R; SiSiT RiT .

2.2. X-ray Rasterization under Laminography Geometry

In X-ray laminography, a projection image I captures the line inte-
grals of the attenuation coefficients. For a ray r(¢) = o + td with
near and far bounds ¢, and ¢y, the pixel value in the logarithmic
domain is given by the Beer-Lambert law:

I(r) = log (I,I(Ur)) = /ttf o(x(t)) dt, 3)

n

where I is the initial intensity and I’(r) is the detected intensity.
Substituting Eq. ) into Eq. (3) yields:

I(r) = /ZG?(r(t))dt:Z/G?(r(t))dt. )

This allows us to render the projection by individually integrating
each 3D Gaussian along the ray.

The core of our Laminography adaptation lies in the geomet-
ric transformation from world space to ray space. Unlike standard
cone-beam CT, which rotates around a vertical axis, laminography
employs a tilted rotation axis with respect to the incoming beam, the
sample surface normal being approximately parallel to the rotation
axis [6} 20].

By introducing the tilt angle « that defines the fixed inclination
between the rotation axis (z’) and the detector plane, the viewing
transformation matrix Tc;, for laminography geometry becomes:

We b — cos f sin «
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where Dgso is the source-to-object distance. Thus, the transfor-
mation matrix in CT [18] is the trivial case of Eq. @) when a =
0. A point p and its covariance 3 in the world space are trans-
formed into the ray space p and X using: p = ¢(p), and ¥ =
IJWaSW{ I, where ¢ is the projective mapping and J is the
Jacobian of the local affine approximation [21]. The geometry of
LamiGauss during training is visualized in Fig.[T[b).

Following the transformation, a normalized 3D Gaussian inte-
grated along the ray direction yields a normalized 2D Gaussian on
the detector plane. With the integral of the i-th Gaussian being
[ G3(x(t)) dt ~ G?(%|pi, pi, =) and Eq. , the final pixel value
is rendered by summing the contributions of all 2D Gaussians:

M
I(r) = > GI(Xlpi, bir ). )
=1

where p; and 3; are the 2D position and covariance by dropping the
third component of p; and the third row and column of X3;, respec-

tively, and p; = pipi, with p; = 1/27|2:|/|2] to avoid integra-

tion bias [18]].

2.3. Initialization with Artifact Filtering

A high-quality initialization is crucial for the convergence speed
and final performance of Gaussian-based optimization. A naive ap-
proach would be to use FDK, but in laminography this would cause
severe artifacts in the image (see Fig. c)) that would introduce a
large portion of wrong primitives. Iterative algorithms would take
too much time. To address this, we propose an initialization strategy
with explicit AF. Our goal is to generate a sparse point cloud that
concentrates primarily on the genuine object, thereby guiding the
subsequent optimization to focus its resources on meaningful areas.
The process, illustrated in Fig. [T[c), consists of the following steps:

1) The FDK-reconstructed volume Vepk is first convolved with
a 3D isotropic Gaussian kernel /C to supress the streak-like lamino-
grapgic artifacts.

2) The smoothed volume is then binarized using Otsu’s method
[22], which automatically determines an optimal threshold value 7
to separate the foreground object from the background and residual
artifacts, and results in a 3D mask M that approximately delineates
the object’s domain:

M(X)_{1 i Viok > 7 ®
0 otherwise

3) Finally, M points are randomly sampled from masked region
as {x;}, = S{x|M(x) = 1}), where S is random sampling
operator. The initial central density is queried from the FDK volume
as p; = Vb (X;).

This tailored initialization procedure ensures the limited number
of Gaussians is allocated efficiently from the very start of training.
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Fig. 1. The schematic illustration of (a) laminography geometry, (b) the equivalent LamiGauss imaging geometry and the training process,

and (c) the flowchart of its initialization strategy with artifact filtering.
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Fig. 2. Visualization of reconstruction results on the synthetic Engine under different sparse-view conditions.
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Fig. 3. Quantitative evaluation of different reconstruction methods
on the synthetic Engine with respect to the number of reference
projections. Our proposed LamiGauss consistently outperforms all
baselines.

2.4. Optimization

We optimize the parameters of the radiative Gaussians © =
{pi, Pi, X} by minimizing the 2D rendering loss:

[flolal = [fl(lra Im) + /\ssim (1 - Essim(-lrg Im)) (9)

Here, I, and I, are the rendered and measured projections, respec-
tively. £1 and Lsim are the £1 and SSIM [23]] losses applied to the 2D
images. An adaptive density control strategy [18] is used to clone,
split, or prune Gaussians based on the gradient of the photometric
loss to better represent the scene.

(a) FDK

(b) FISTA

(c) FISTA-TV  (d) LamiGauss

Fig. 4. Visual comparison from real laminography projections. The
first row displays the reconstructed LEGO of various methods from
80 views, where two axial slices obtained from 20/80/360 projec-
tions are shown in the following 2nd/3rd/4th row, respectively.

3. EXPERIMENTS

3.1. Experimental Setup

Dataset To comprehensively evaluate the performance of our pro-
posed LamiGauss, we conduct experiments on both synthetic and
real-world laminography datasets. For synthetic evaluation, we use
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Fig. 5. Laminography reconstruction by (a) CGLS on 2513 projec-
tions and (b) LamiGauss on 80 projections. The details in the region
of the bounding boxes are zoomed in on the right, demonstrating the
capability of LamiGauss in removing laminographic artifacts.

the Engine model from the SciVis dataset[24], simulating a 30°
tilt angle acquisition with 512 x 512 projections over 360° using
CIL [25]. For real data, we use the LEGO brick [26l], which contains
2513 projections (1148 x 1596) acquired at & = 30°, along with a
CGLS [[15] reconstruction from all views as reference. We visualize
sparse-view performance with 20, 80, and 360 uniformly subsam-
pled projections to analyze the method’s robustness under extreme
to moderate sparsity.

Implementation Details All methods, FDK [12], FISTA [13],
FISTA-TV [14], and our LamiGauss, are implemented in PyTorch,
leveraging the TIGRE toolbox [27, 28] and executed on an NVIDIA
RTX 3090 GPU. We train our model for 30k iterations using Adam
optimizer, initialize with M = 30k Gaussians (Sec.[2.3), use Agim =
0.25, and apply adaptive control from iterations 500 to 20k with a
gradient threshold of 5 x 10™°. Performance evaluation is based on
PSNR (for the 3D volume) and SSIM (averaged over 2D slices).

3.2. Simulations

We first evaluate the reconstruction performance of our proposed
LamiGauss from synthetic projections. As shown in Fig. [2| clas-
sical methods struggle significantly under the inherent challenges of
laminography geometry and high sparsity. The analytical FDK algo-
rithm produces severe striped artifacts that obscure most structural
details. While iterative methods like FISTA and FISTA-TV improve
upon FDK by reducing noise, they still result in feature loss and ad-
jacent structures blurred or fused. These effects are particularly pro-
nounced in objects with internal cavities and complex piping, and
persist even as the number of views increases to 360.

In contrast, LamiGauss produces clear and sharp reconstructions
across all sparsity levels, with the complex internal architecture of
the engine resolved, maintaining clear separations between closely
spaced structures and preserving sharp edges without fusing. This
capability stems from the powerful representation capacity of the
Gaussians and our effective AF initialization.

The quantitative results in Fig. [3] further support the visual ob-
servations. LamiGauss achieves performance across all tested num-
bers of views, whereas other baselines exhibit dramatic degradation
as the number of projections is reduced. The significant gap in the
extreme sparse-view condition underscores the method’s robustness
and efficiency in learning from very limited data.

3.3. Real Acquisition

The superior performance of LamiGauss is further validated on the
real-world LEGO dataset. As clearly visible in the axial slices in
Fig. @] LamiGauss reconstruction using only 20 views already sur-
passes the quality of both FDK and FISTA reconstructions that uti-
lized 360 views. While the FISTA-TV method shows improved
noise suppression over FISTA, its results at 20 and 80 views are still
contaminated by substantial speckle texture, failing to recover clean
structural boundaries.

The most compelling evidence for the capability of our method
is revealed in the sagittal and coronal planes (Fig.[5). These views
expose the persistent, blurry strip-like artifacts above the object,
which are characteristic of the laminography geometry and remain
evident even in the CGLS reconstruction from full projections.
Remarkably, LamiGauss reconstruction, trained on a mere 3% of
the projections (80 views), is completely free of these inherent
laminography artifacts. This demonstrates that our method does
not merely approximate the “gold standard” but effectively learns a
superior, artifact-free representation of the object. Furthermore, this
breakthrough in quality is achieved with unprecedented efficiency.
While the CGLS method required several hours to converge on the
full dataset with GPU acceleration, our model produces a superior
result in 10 minutes. This combination of exceptional accuracy, ro-
bustness to extreme sparsity, and computational efficiency suggests
LamiGauss is well-suited for the X-ray laminography reconstruction
task.

3.4. Ablation Study

We evaluate the effectiveness of the artifact filtering (AF) initial-
ization. The quantitative results are summarized in Table The
comparison clearly demonstrates that employing AF brings signifi-
cant benefits to the LamiGauss framework, as it not only achieves a
superior final reconstruction quality at the same number of iterations
but also exhibits dramatically improved convergence speed.

Table 1. Ablation results with or without artifact filtering.

Methods #1Iters PSNR (dB)1 SSIM1 Time (s)
1k 19.9208 0.7489 50
w/o AF 2k 21.8731 0.8189 118
5k 22.6186 0.8634 254
1k 20.6113 0.7638 32
w AF 2k 22.5023 0.8213 67
5k 24.1821 0.8954 183

*Ablation studies conducted on Engine object from 50 views.
4. CONCLUSIONS

In this paper, we present LamiGauss, a highly effective reconstruc-
tion framework for X-ray Computed Laminography (CL), which is
the first 3D Gaussian Splatting-based method to our knowledge. Our
key innovation lies in the integration of the CL imaging geome-
try into a differentiable rendering pipeline, coupled with the artifact
filtering (AF) initialization, which proactively filters out common
laminographic artifacts from the initial point cloud. This signifi-
cantly enhances optimization efficiency and leads to reconstructions
that outperform in real data full scan with only extremely sparse sam-
pling, with a fraction of the computational time. This superior out-
come highlights an unprecedented trade-off between computational
cost, reconstruction fidelity, and laminographic artifacts removal. By
surpassing the long-standing gold standard, our work establishes a
new paradigm for high-quality and efficient X-ray CL imaging, with
strong potential to impact real-world applications.
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