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Abstract

Electron tomography is essential for probing three-dimensional material structures
at the nanoscale. While acquiring a sufficient number of images across multiple
tilt angles is critical, doing so is challenging for beam-sensitive samples. Deep
convolutional neural networks have emerged as promising tools for overcoming the
limitations of sparse tilt-angle sampling. In this work, we introduce a large-scale
simulated electron tomography dataset and propose an efficient encoder–decoder
DCNN that predicts intermediate tilt frames to enhance sparse tilt series. Our
approach improves 3D reconstruction resolution and scalability, achieving an
average performance of 5.77e-9 MSE, 31.63 PSNR, and 0.93 SSIM on the held-
out aberrated test set across multiple sparsity levels. To support reproducibility,
the code used for training and experiments in this study has been released at
https://github.com/dikshantsagar/TSGNet.

1 Introduction

Electron tomography (ET) emerged as a powerful approach for three-dimensional analysis of nanos-
tructures. It reconstructs three-dimensional structures from a series of two-dimensional (S)TEM
images acquired over a range of specimen tilt angles [21]. It has been widely used to study the struc-
tures of catalysts[7], alloys[32], biomaterials[9], and nanoparticles[26]. For beam-sensitive materials,
the total number of tilt images that can be acquired is strictly limited by radiation tolerance[14]. This
sparse angular sampling leads to limited projection angles, which manifests as artifacts and reduced
resolution of the reconstructed structure[11]. Overcoming this limitation remains challenging, as
any additional data acquisition risks compromising the structural integrity of the specimen while
maintaining an adequate dose for each tilt image.

Deep convolutional neural networks (DCNNs) have transformed image processing across diverse
scientific and engineering domains [1; 15]. By leveraging hierarchical feature extraction and nonlinear
representations, DCNNs excel at capturing both fine-grained spatial details and high-level structural
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patterns [16]. They have been successfully applied to tasks such as denoising, super-resolution,
inpainting, and frame interpolation, where conventional model-based approaches often struggle
[31; 28; 5; 24]. In microscopy, DCNNs have shown promise in restoring low-dose images, segmenting
complex structures, and enhancing temporal and spatial resolution, underscoring their suitability for
addressing the challenges of limited or noisy data [17; 13; 27]. These advances make DCNNs an
attractive solution for overcoming the limitations imposed by sparse angular sampling in electron
tomography.

In this work, we utilize a new large-scale simulated S/TEM dataset and propose a novel DCNN-based
encoder-decoder framework, named TSGNet, to interpolate missing tilt images in sparsely sampled
series. By recovering intermediate projections, our method reduces artifacts caused by limited
angular sampling while preserving the structural integrity of radiation-sensitive specimens. We
validate the approach on simulated STEM tilt series of metal nanoparticles, demonstrating significant
improvements over conventional sparse reconstructions and performance comparable to tilt series
with twice the angular sampling density.

2 Methods

2.1 Dataset Generation

The datasets were generated in two steps: structure generation and image generation. A total of 101
icosahedral, decahedral, and octahedral structures (Pt, Ag, Au, Cu) were generated for the training set,
and 99 face-centered cubic structures (Yb, Ir, Xe, Al) were assigned to the test set; all structures were
created with the ASE Python package [12]. Then the generated structures were randomly rotated in
the x, y, and z axis to represent random orientations before tilting. Subsequently, these generated
structures were input into PyQSTEM[19] to simulate the scanning transmission electron microscopy
(STEM) high-angle annular dark-field (HAADF) images. The accelerating voltage is set to 200
keV. The annular detector semi-angle is from 0 to 45 mrad. Defocus value is set to 0. The beam
convergence semi-angle is set to 35 mrad for non-aberrated group and 25 mrad for the aberrated
group. The spherical aberration is set to 100 µm. The tilt series of the structures were generated by
tilting the structure around the y-axis from -90 degrees to 90 degrees with a 1-degree step, producing
181 non-aberrated and 181 aberrated STEM HADDF images for each structure. Thus, both the
aberrated and non-aberrated datasets contained 18,281 training images and 17,919 testing images
each.

2.1.1 Tilt Angle Sparsity Subsampling

Sparse frame stacks were generated from the original tilt stacks (512 × 512 × 181) by doing
offset-based sampling of the tilt projection. Let each tilt series be represented as a sequence of
N = 181 frames, F = {f0, f1, f2, ..., f180}, where fi denotes the frame acquired at tilt angle
θi ∈ {−90◦,−89◦,−87◦, ....,+90◦}, with uniform angular spacing. To simulate angular sparsity, we
subsample the tilt series using a fixed frame gap g ∈ {1, 2, 3, ..., 12} and an offset o ∈ {0, 1, 2, ..., g−
1}. Then, the sparse subset with gap g and offset o is given by: F (o)

g = {fi ∈ F|i ≡ o(modg)}
This allows us to generate multiple sparse patterns for each structure, such as {0, 3, 6, ..} for o = 0
and {1, 4, 7, ...} for o = 1 when g = 3.

2.2 Deep Learning Framework for Tilt Series Generation

Given two input frames fα and fβ , our model (Fig. 1) predicts an intermediate frame f̂γ , where
θα < θγ < θβ . A shared pyramid encoder extracts multi-scale features φk

α, φ
k
β (k = 1..4), which are

processed by four coarse-to-fine decoders Dk. Each decoder aggregates features from both inputs
and refines intermediate flow fields through lightweight residual blocks and transposed convolu-
tions, enabling effective feature integration across scales. The model is trained end-to-end with
a reconstruction loss [23] Lr = ρ(f̂γ − fGT

γ ) + Lcen(f̂γ , f
GT
γ ), where ρ is the Charbonnier loss

[4](α = 0.5, ϵ = 10−3) and Lcen is the census loss using 7×7 patches [20]. To further enforce
geometric consistency, we add Lg =

∑3
k=1 Lcen(φ̂

k
GT , φ

k
GT ), which aligns encoder features with

ground-truth decoder features. The final objective is L = Lr + ηLg, η = 0.01.
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Figure 1: Overview of the proposed TSGNet for tilt frame interpolation. Multi-scale features extracted
by a shared pyramid encoder are processed through the decoders to predict intermediate tilt images.

Training was performed for 50 epochs on two NVIDIA A5000 GPUs using AdamW [18] (weight
decay 0.02) with a cosine-annealed learning rate from 10−4 to 10−5 and a batch size of 24.

2.3 3D Reconstruction and Evaluation

Three reconstruction groups were generated. The Reference group used all 181 tilt images and
serves as the highest-fidelity baseline. The Sim group used a subset of the 181 tilts defined by
the downsampling rate. The Mix group used the same subset as Sim at each downsampling rate,
augmented with model-predicted images to fill the missing tilts. The reconstruction from the
corresponding tilting series was performed using tomopy python package [10]. Simultaneous iterative
reconstruction technique (SIRT) algorithm[8; 29; 25; 29] with 100 iterations was used. After the
reconstruction, the reconstructed tensors were segmented into objects and background by the Otsu
thresholding method [22]. And only the objects were analyzed with corresponding references using
Chamfer distance [2; 3; 6] and RMS error with 1000000 points, providing a quantitative performance
comparison.

3 Results

We evaluated the proposed deep encoder–decoder interpolation framework against plain linear
interpolation on the synthetic metallic nanocluster tilt series held-out test set. Performance was
quantified using mean squared error (MSE), peak signal-to-noise ratio (PSNR), and structural
similarity index measure (SSIM), computed between the predicted intermediate frames and their
corresponding ground truth images [30] for sparsity subsampling rates 1 to 12 for both aberrated and
non-aberrated datasets (See Fig.2). Table 1 summarizes the results averaged across the test set and
sparsity levels. Overall, TSGNet outperformed linear interpolation across all metrics in both aberrated
and non-aberrated cases, achieving lower reconstruction error and higher perceptual similarity. These
gains indicate that the proposed model captures finer structural details and reduces artifacts more
effectively than the baseline.

Table 1: Average quantitative comparison between the proposed model and linear interpolation for all
sparsity subsampling rates (1-12) on the test set. Lower MSE and higher PSNR/SSIM indicate better
performance.

Method Abberated Non-Abberated
MSE↓ PSNR↑ SSIM↑ MSE↓ PSNR↑ SSIM↑

Linear Interpolation 7.48e-9 30.48 0.90 1.13e-8 28.57 0.86
TSGNet (Ours) 5.77e-9 31.63 0.93 7.13e-9 29.43 0.89

The quality of reconstructions degraded with increasing downsampling in both aberrated and non-
aberrated cases. Non-aberrated reconstructions appeared smoother with fewer structures, whereas
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Figure 2: Quantitative comparison of linear interpolation and TSGNet across sparsity levels. Plots
show (a) MSE, (b) PSNR, and (c) SSIM for the non-aberrated test set, and (d) MSE, (e) PSNR, and
(f) SSIM for the aberrated test set.

aberrated reconstructions revealed finer features but also more background artifacts, likely due to
the difficulty of suppressing sharper details. In all settings, the reconstructions in the mixed group
(with TSGNet-generated frames) contained fewer artifacts than those in the purely simulated group,
indicating that TSGNet-generated images help suppress noise and improve detail recovery (see
Fig. 4).

Visual inspection of interpolated frames supports these findings. Linear interpolation produced
blurred edges and failed to capture atomic-scale contrast, while our model reconstructed sharp
high-frequency details such as atomic columns and defects, even under severe angular sparsity. This
fidelity directly improved downstream 3D reconstructions, enabling higher-quality volumes with
fewer tilts, thereby reducing acquisition time and dose without sacrificing structural integrity.

Quantitative evaluation with Chamfer distance and RMS error (Fig. 3) confirmed these trends.
Similarity to the reference decreased with higher downsampling, stabilizing beyond a gap of six,
likely due to loss of fine structural cues. In both aberrated and non-aberrated cases, the mixed
group consistently outperformed the simulation group. Notably, when both groups contained the
same number of tilt images, the mixed group achieved equal or better similarity, demonstrating that
ML-generated intermediate frames effectively enhanced reconstruction quality.
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Figure 3: Reconstruction metrics for the simulation and mixed groups. (A) Chamfer distances in
the non-aberrated case. (B) Root mean square (RMS) errors in the non-aberrated case. (C) Chamfer
distances in the aberrated case. (D) RMS errors in the aberrated case.

Figure 4: Example reconstructions of the same structure at different downsampling rates (1 - 5) for
the simulation and mixed groups, shown for both non-aberrated and aberrated cases. Downsampling
rate at 0 indicates reference reconstruction in both cases.

4 Conclusion

In this work, we developed and applied a DCNN encoder-decoder framework named TSGNet to
predict missing tilt images in simulated STEM tilt series of nanoclusters. The generated frames closely
matched ground truth projections and led to more accurate 3D reconstructions in both aberrated and
non-aberrated cases. While our evaluation focused on simulated nanoclusters, the results highlight the
promise of deep learning for mitigating angular sparsity and improving tomographic reconstructions
of beam-sensitive materials. Looking ahead, we aim to extend this approach to diverse nanostructures,
experimental datasets, and advanced learning architectures to further advance high-resolution, low-
dose electron tomography.
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