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Abstract—Electron microscopy has shown to be a powerful tool to analyze chemical composition of samples. However, acquiring a high quality
image is hard due to radiation damages which limit the signal-to-noise
ratio. One solution, considered in this work, consists in spatially partially
acquiring the multi-band image and reconstructing it afterwards. We
propose a reconstruction algorithm, referred to as Fourier sparsity in
3D (FS3D), based on a regularization specifically tailored for atomically
resolved images. Experiments show that the proposed FS3D method leads
to state-of-the-art results with a significantly lighter computational cost.

I. I NTRODUCTION
In a scanning transmission electron microscope (STEM), an electron beam is used as the illumination source and is focused as a
probe which is moved over the sample area of interest. Among
the commonly collected signals is the electron energy loss spectrum
(EELS) [1], which provides multi-band images, usually referred to as
spectrum-images. A classical encountered problem is that the electron
beam induces damages for sensitive materials [2] such as organic
components. Indeed, standard acquisition schemes operate sequentially, line-by-line, and thus concentrate electrons in contiguous areas.
A common solution consists in reducing the electron dose (number
of electrons per unit surface), which significantly lowers the signalto-noise ratio (SNR) and the overall image quality. Recent works
propose another strategy which consists in a random sampling scheme
for reducing cumulative damage on successive pixels while keeping
admissible SNR and spatial resolution [3]. This approach has several
advantages as it allows adaptive studies to be envisioned. Such a
random sampling has been implemented on the STEM VG HB 501
microscope in the Lab. Physique des Solides (Orsay, France) [4].
Our approach is based on a partial and random acquisition scheme.
It requires computational reconstruction schemes to recover the full
data from the partial measurements within a post-processing task.
In image processing this is commonly referred to as inpainting,
a particular inverse problem which can be solved by considering
appropriate spatial and spectral regularizations. Capitalizing on our
recent work [5], this paper presents an algorithm particularly suitable to reconstruct atomic scale STEM-EELS images. In particular,
we introduce a simple yet relevant regularization which promotes
periodic patterns frequently encountered in images of this resolution.
We compare the resulting performance to the ones obtained by a
state-of-the-art method.
II. M ETHODS
Recent works in remote sensing and microscopy aims at reconstructing multi-band images for data compression, corrupted image
inpainting or sample preservation (e.g., in the specific case of
microscopy). In this context, Beta Process Factor Analysis (BPFA) [6]
is a widely used reconstruction algorithm and can be considered as
a state-of-the-art reconstruction technique (see [7]). This approach is
based on dictionary learning, which has been at the core of efficient
denoising and reconstruction approaches in the last decades. Besides,
by adopting a Bayesian formalism, several critical hyperparameters
can be included into the Bayesian model and jointly estimated with

the reconstructed image. In particular, it automatically adjusts the size
of the dictionary and the size of the atoms. However, this algorithm
remains computationally expensive due to Monte Carlo sampling and
its usage is limited to off-line reconstruction.
Conversely, particular applicative scenarios require fast image reconstruction for online and/or embedded analysis. As a consequence,
BPFA could not be used and more computationnally efficient methods
should be considered [3]. In the specific context of fast reconstruction
of atomic-scale spectrum-images, we propose an alternative reconstruction algorithm which exploits the particular spatial content of
those images. More precisely, the spectrum-image to be recovered is
assumed to be spatially sparse in an appropriate space, e.g., resulting
from a discrete cosine transform, since the sample is composed of
interleaved periodic nets of atoms. The proposed method, called
Fourier Sparsity in 3D (FS3D), relies on a spectral dimension
reduction induced by a principal component representation. Then,
in the identified lower-dimensional space, the reconstruction task is
formulated as the minimization of an energy function composed of
`2 data fidelity term and a group sparse regularization of the bandby-band DCT coefficients.
III. R ESULTS
To compare the proposed FS3D approach and BPFA, a synthetic
spectrum-image of 70×120 pixels with 1435 bands has been generated. It mimics an atomic-scale sample composed of four distinct
materials. This image has been sub-sampled randomly with 20% acquired pixels. Both algorithms are applied to reconstruct the unknown
image in the 4-dimensional subspace identified by PCA. Note that
BPFA could be applied directly on the 4-band image by adopting a
3D-patch representation or, alternatively, band-by-band by adopting
a 2D-patch representation. Yet, the 3D-implementation of BPFA can
only be applied with sub-optimal parameters (reduced patch size and
overlap) due to its computational burden. Similar comparisons have
been conducted with a real image, whose dimention has been reduced
to 9 bands by principal component analysis.
Figure 1 (resp., 2) shows the 4th band of the synthetic (resp., real)
ground truth and reconstructed spectrum-images. The corresponding
SNR, averaged spectral angle disctance (aSAD) [8] and execution
time are reported in Table I (resp. Table II) for synthetic (resp., real)
spectrum-image. These results show that in the particular case of
atomic-scale spectrum-images, FS3D gives results comparable to the
state-of-the-art technique BPFA with a much reduced execution time.
Note also that BPFA gives better results as a 2D algorithm than as a
3D algorithm due to a sub-optimal parameter choice. However the 2D
implementation is much more time-consuming. These results show
that FS3D is an efficient method which is fast and efficient in the
considered applicative context.
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Fig. 1: Comparison of the 4 (least powerful) band of the synthetic
image for the compared methods.

TABLE I: Metrics for the synthetic image.
Method

SNR

aSAD (×10−3 )

Time

Time (w.r.t. FS3D)

FS3D

43.73

1.05

4.25s

1

BPFA (3D)

43.85

3.46

12min30s

176

BPFA (2D)

55.39

0.48

2h59min

2527
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Fig. 2: Comparison of the 4 band of the real image for the compared
methods.

TABLE II: Metrics for the real image.
Method

SNR

aSAD (×10−2 )

Time

Time (w.r.t. FS3D)

FS3D

32.43

1.33

0.44s

1

BPFA (3D)

29.48

1.87

28min19s

3861

BPFA (2D)

34.11

1.27

3h37min

2.959 × 104
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