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Abstract

Scanning Electron Microscopes (SEM) are equipped with multiple detectors that simultaneously provide

distinct modalities for observing the secondary electrons signal. While their combined use enables finer

analysis of the specimen’s physical properties, each detector also introduces parasitic signal components,

such as shot noise and other artifacts. This work proposes a unique approach to multi-detector SEM image

fusion via intrinsic image component decomposition using an encoder-renderer neural network tuned for the

Trinity Detection System™. When applied as a denoising method, the architecture achieves a mean PSNR
gain of 6.9dB at SSIM of 0.726. The proposed pipeline shows potential to enable automated surface

analysis and to enhance the interpretability of low-SNR draft scans.
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1. Introduction

Primary motivation for fusing multimodal SEM im-

agery is to reduce the cognitive load caused by present-

ing a large volume of raw data [1]. Baseline per-pixel

fusion methods are known, e.g., average-intensity

mixing, pixel-selection heuristics, etc. Although an-

alytically interpretable and generally enhancing cer-

tain signal characteristics (e.g., SNR), they leave

no control over qualitative image characteristics, in-

advertently suppressing detector-specific features by

aggregating their signals.

This work proposes a new multimodal SEM fusion

pipeline with fine, yet physically bounded control over

the qualitative image characteristics. Instead of ag-

gregating multimodal information on a per-pixel basis,

the proposed encoder-renderer neural network predicts

intrinsic image components related to the specimen’s

physical properties and recombines them during recon-

struction, while excluding unwanted parasitic signal

components. The proposed architecture and training

pipeline operate end-to-end, enabling self-supervised

training on unannotated data.

2. Existing Related Work

Despite abundant multimodal image fusion solutions,

literature specific to SEM remains sparse. Publication

[2], which inspired this work, approaches multimodal

SEM image analysis as a principal component analysis

(PCA) problem, decomposing the 4 input channels

into underlying signal components:

Ii = Iclean,i + ri , Iclean,i = c(1+ p⃗i ·∇h) ,

where Ii is one channel of the i-modal SEM image, ri
is the detector-specific parasitic residual component,

p⃗i is the detector-response vector (characterizing po-

sition of the detector inside the chamber and its

sensitivity to the secondary-electrons signal), and c

and ∇h=
(
∂h
∂x ,

∂h
∂y

)
are the compositional (material)

contrast map and surface topography of the spec-

imen, respectively; ∇h is gradient of the specimen
surface height function h in coordinate system (x,y).

Although the authors of [2] presented promising re-

sults, their method is tightly coupled to their specific

imaging setup (4 symmetrically positioned BSE1 de-

tectors), and it is unclear how it performs in more

challenging imaging scenarios with real samples.

3. Proposed Approach

The proposed method is designed for the Trinity De-

tection System™ of Thermo Fisher Scientific, which
consists of 3 detectors of mixed BSE and SE2 sensi-

tivities. First, it was necessary to define an extended

1BSE stands for Back-Scattered Electrons.
2SE stands for Secondary Electrons.
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SEM image model, constituting the Differentiable

Renderer (DR) module of the proposed architecture:

Ii = gi
(
(1−αi)SBSE,i+αiSSE,i+ rlf,i

)
+ rhf,i

SBSE,i = c(p⃗i · n⃗),
SSE,i =

(
wi c+bi

)
exp(βi(1−nz)),

where αi , wi , bi and βi are learned per-detector pa-

rameters, rlf,i and rhf,i are inferred per-detector low-

frequency and high-frequency residual signal compo-

nents, respectively; n⃗= (nx ,ny ,nz) is the specimen

surface normal map and gi is inferred image gain.

The SBSE,i and SSE,i maps then denote the BSE-

and SE-sensitive shading. Since the rhf,i component

should primarily model the electron shot noise, which

is expected to be Poisson-like [3], it is comprised of

predicted white-noise map ηi scaled by the noise-free

image intensity at a given point:

rhf,i = ηi

√
gi
(
(1−αi)SBSE,i+αiSSE,i+ rlf,i

)
.

3.1 Intrinsic Image Decomposition Module

Extraction of the intrinsic image components them-

selves takes place in the Intrinsic Image Decompo-

sition (IID) module, depicted in the diagram in Fig-

ure 1. In its early stages, the module re-encodes the

3-channel input to a 96-channel latent-space tensor.

Finally, the tensor is processed by the final convolu-

tional heads: the rhf and rlf heads isolate the residual

signal components, while the specimen surface head

extracts the surface compositional map c and surface

normals map n⃗.

3.2 Training the Model

Due to the unavailability of ground-truth data, the

model was trained end-to-end in a self-supervised

manner, with the primary loss function component

being the absolute error of the channel Ii reconstruc-

tion. Other (minimized) regularization parameters

include:

∥∇c∥2 – Minimizes high-frequency variation in c.
∥∇n⃗∥2 – Minimizes high-frequency variation in n⃗.
nx +ny – Enforces minimal overall surface tilt.

∥rlf∥ – L1 regularization over low-frequency residuals.
Autocorrelation of η – Enforces “noise-whiteness”.

Inter-detector correlation of η – Enforces noise in-

dependence across detectors.

Supplemental ground-truth surface normals n⃗gt were

also synthesized from samples containing spherical

powder particles (see poster Section “Training Ground-

Truth Synthesis”). Where available, this synthetic

data was used to guide the extraction of the surface
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Figure 1. Top-level diagram of the IID module.

normals map n⃗ inside the IID module via masked mean

cosine distance: 1− n⃗ · n⃗gt.
Such a pre-trained model was then fine-tuned in the

final pseudo-labeling phase to improve residual com-

ponents isolation: scan triplets capturing an identical

sample were identified inside the dataset, their reg-

istration transformations were calculated, and the

IDD module was guided to reconstruct the previously

inferred c and n⃗ maps of the scan triplet with best

SNR estimate [4] of the group. Both training phases

ran for 4000 epochs, where each epoch consisted of

4000 sampled patches of size 256×256px.

4. Evaluation and Conclusions

On GPU, sample inference takes approximately 1.5s

and in a controlled environment, reconstructions with

the rhf,i component excluded achieve a mean PSNR

gain of 6.9dB at SSIM of 0.726 relative to synthesized

ground-truth high-SNR images. The primary mode

of evaluation is ongoing subjective quality assessment

via trials with public participants and Thermo Fisher

Scientific personnel.

Although this work does not aim to replace fundamen-

tal high-quality SEM imaging practices (e.g., higher

dwell times), its value lies in the potential for au-

tomated specimen surface analysis or to enhance

the interpretability of rapid draft scans, which are

inherently limited by low signal-to-noise ratios. A

primary direction for future development would be to

expand the training dataset and to synthesize more

comprehensive annotations, thereby accelerating the

performance of the IID module.
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