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Robust electron counting for direct
electron detectors with the Back-
propagation counting method

Check for updates

Joshua Renner1, Matthew A. Wright2, Kristofer Bouchard2 , Bruce E. Cohen3,4, Peter Ercius3 ,
Azriel Goldschmidt5 , Cassio C. S. Pedroso3, Ambarneil Saha3 & Peter Denes3

Electronmicroscopy (EM) is a foundational tool for directly assessing thestructure ofmaterials.Recent
advances in direct electron detectors have improved signal-to noise ratios via single-electron
counting. However, accurately counting electrons at high flux remains challenging. We developed a
new method of electron counting for direct electron detectors, Back-Propagation Counting (BPC).
BPC uses machine learning techniques designed for mathematical operations on large tensors but
does not require large training datasets. In synthetic data, we show BPC is able to count multiple
electron strikes per pixel and is robust to increasing occupancy. In experimental data, frames counted
with BPC are shown to reconstruct diffraction peaks corresponding to individual nanoparticles with
relatively higher intensity and produce images with improved contrast when compared to a standard
counting method. Together, these results show that BPC excels in experiments where pixels see a
high flux of electron irradiation such as in situ TEM movies and diffraction.

Improvements in electronmicroscopy (EM) techniques have been essential
to advancing materials science1,2 and structural biology3–5 via imaging of
objects at the nanoscale. Recent developments in direct electron detectors6

have increased the capabilities of electron microscopy, enabling improve-
ments in imaging7,8, diffraction9,10, and spectroscopy11. One type of detector,
called an active pixel sensor (APS)12, utilizes a complementarymetal-oxide-
semiconductor (CMOS) sensor with fast readout in order to reduce the
number of electrons per frame to belowabout 1%of the pixel number. Thus,
each electron strike produces a localized deposition of energy that can be
differentiated from other electron strikes and essentially “counted” as one
electron regardless of the energy deposited13. The process of converting an
extended energy deposition to a single electron strike is known as electron
counting. This process improves the signal-to-noise ratio relative to the raw
sensor response and is central to EM experiments that involve direct elec-
tron detection based on the APS design14,15. The “effective” detector quan-
tum efficiency can be increased with improved electron counting
algorithms, producing high signal-to-noise frames at a wider range of
electron fluxes.

Counting electron strikes in APS detectors is challenging for several
reasons. First, the amount of energy deposited in a thin volume of material
by an energetic particle passing through it follows a Landau distribution16.

This captures both themost probable value of energy deposition, aswell as a
long tail extending to the full energy of the particle resulting from relatively
rare interactions that leave behind large amounts of energy. For a large
number of individual electron strikes in a given pixel the total energy
deposition tends towards themost probable value, but for one to several hits,
the Landau tail makes it difficult to quantify exactly the number of electrons
that hit a pixel. Second, an electron can undergo multiple scattering in the
medium, changing its direction of travel, producing clusters of energy
responseswith an inconsistent shape and extent17. Finally, there is electronic
noise18 intrinsic to the CMOS hardware that can mask electron strikes with
low energy deposition (false-negatives) or be incorrectly counted as electron
strikes (false-positives).Acounting algorithmthat attempts tonormalize the
response to a single electron is therefore important in improving image
quality. However, developing such an algorithm is challenging due to issues
in segregating low-energy depositions from electronic noise and distin-
guishing multiple electron hits from single hits. These challenges are exa-
cerbated by variations in the magnitude and shape of the energy deposition
across the detector.

APS sensors are used to implement four-dimensional scanning
transmission electron microscopy (4D-STEM)19, a mode of operation
capable ofmapping crystallographic informationwith atomic- to nanoscale
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detail. In this technique, a focused electron probe is typically scanned over a
sample in a two-dimensional (2D) raster pattern, though sparse and
dynamic patterns are also possible, and a 2Ddiffraction pattern ismeasured
at each probe position (see Fig. 1a). This results in a four-dimensional (4D)
dataset with the potential to be hundreds of gigabytes to terabytes in size.
4D-STEM has become practical with the availability of fast, sensitive
detectors leading to the need for computer hardware and algorithms to
process such large datasets. To deal with this, electron counting algorithms
are typically optimized for and built into specific camera hardware enabling
in-line data processing during the experiment. Thus, a fast implementation
of a counting algorithm is used (see ref. 20 for an open source imple-
mentation) which relies on simple thresholds to eliminate noise and ener-
getic x-rays. These simple algorithms can only accommodate a low flux per
frame on the camera and do not consider the shape of energy deposition
over multiple pixels.

Other approaches to electron counting use artificial intelligence, which
has been increasingly employed in electron microscopy in recent years21–24.
In particular, convolutional neural networks (CNN) have been studied to
improve localization accuracy and reduce coincidence loss25,26.However, the
large numbers of parameters in these models, which must be optimized
through back-propagation and stochastic gradient descent, require large
amounts of simulated data and computation for training, and retraining is
necessary for different detectors and electron energies. An approach that
takes into account the energydeposition shape of individual electrons on the
detector but does not require extensive detector/energy specific training
could lead to substantial improvements that are broadly applicable, but are
nascent13.

To enable more accurate nanoscale imaging, we developed a novel
methodcalledBack-PropagationCounting (BPC) for electron counting (see
Fig. 1). The algorithm makes use of modern machine learning techniques
and software27 and back-propagation28,29 tofit the energy deposition of a raw
2D frame to a “counted” frame of the same dimensions based on the

expected average energy deposition of single electron strikes. The process
does not involve training deep neural networks and thus does not require
large amounts of training data. It can be readily applied with minimal
understanding of the detector used in the acquisition. BPC processes low-
occupancy frames with similar accuracy to standard methods and accom-
modates higher electron flux experiments with the ability to differentiate
multiple electron hits per detector pixel. Through detailed characterization
using synthetic and experimental data, we demonstrate that BPC results in
quantitative and qualitative improvements in final data quality when
compared to a standard counting method and removes artifacts. These
results suggest that BPC offers improvements in materials imaging, espe-
cially in cases of high electron flux, enabling clearer reconstruction of
material structures.

Results
Here we present electron counting results using the BPC method and
compare them to a standard counting algorithm from stempy20 (see
Methods).Wemake use of bothMonte Carlo simulation and experimental
data from two different studies.

The BPC method counts electrons more consistently with
increasing occupancy in synthetic data
A goal of BPC was to succeed at counting over a wide range of electron
occupancieswhere the standardmethod fails. To validate that BPCachieved
this goal, we constructed simulated frames using Monte-Carlo-generated
electron hits. This allowed us to study BPC under controlled conditions of
pixel response amplitude and occupancy. We consider a case in which the
charge deposited by a single electron is far greater than the noise present in
the frames so that the results are independent of effects due to noise, and we
focus specifically on counting in regimes of different electron occupancy.

To study electron counting under conditions of varying occupancy,
electron hit locations were placed according to a Gaussian distribution with

Fig. 1 | Illustration of 4D-STEM and Back-Propagation Counting (BPC). a A
scanning electron nanobeam incident on a sample produces a diffraction pattern
captured by a pixelated APS-based detector. Simultaneously, high-angle scatterers
are captured by amonolithic high-angle annular dark field (HAADF) detector. bAn
estimated counted frame is computed from the raw frame and convolved with the

pre-computed 2D kernel to produce a reconstructed frame. Back-propagation is
used to iteratively update the estimate according to a loss function. c The final
optimized count grid is rounded to integer values. The ground-truth is shown for
comparison but is not used in the algorithm.
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a width of σ = 3 (note that this σ is the width of the Gaussian distribution of
hit locations and is unrelated to σe from Eq. (1) of Methods), and the pixel
responses for each hit were chosen randomly from the constructed database
of simulated hit distributions (see Methods). A frame size of 51 × 51 pixels
was chosen. A total of approximately 10,000 electron hits were distributed
over NMC frames with a number of electrons per frame selected from a
Gaussian distribution with mean χ, such thatNMC ⋅ χ = 10,000, in (NMC, χ)
pairs of (10,000, 1), (1000, 10), (100, 100), and (10, 1000). The counting was
performed per frame, so the final electron statistics were approximately the
same, but the counting took place under conditions of different occupancy.

Figure 2 shows the simulated Monte Carlo Gaussian patterns and
counting results for the different approximate numbers of electrons per
frame. Figure 2a shows the sumof the true electron hits for allMonte-Carlo-
generated frames. Note again that while different numbers of electrons were

incident on the frames shown in the four columns, the number of generated
frames was varied so that the true number of hits was statistically similar in
each case. Figure 2b, c show the counted hits summed over all frames for the
BPC and standard counting methods respectively. BPC continues to count
at higher pixel occupancy where the standard method breaks down. To
more directly visualize this, Fig. 2d shows the projections of the various 2D
plots on the y-axis, including the MC truth from row 2a, the standard
method from row 2c, and several variations on the BPCmethod: assuming
all pixels with nonzero electron count have exactly 1 ("unweighted”), the full
electron counting with no attempt to correct for Landau fluctuations with
the prior ("w/o prior”), and the full electron counting with the prior-based
correction ("w/prior”) from row 2b.

Fromthese results,we conclude that thenewBPCmethodoutperforms
the standard method at higher occupancy in synthetic data, even without

Fig. 2 | The BPC method counts electrons more consistently with increasing
occupancy in synthetic data.AGaussian (σ=3pixels) distribution of electron hits is
simulated and counted for 1, 10, 100, and 1000 electrons per frame. The true number
of electron hits summed over all frames in the Monte Carlo is shown in (a) for the
different mean numbers of electron frames. The sums over all counted frames are
shown using the BPC method in (b) and the standard method in (c). The final row

d shows the counts projected along the y-axis, summed over all frames, for: the
Monte Carlo truth, the standard method, a version of the BPC method with a
maximum of 1 electron per hit (unweighted), the BPC method without application
of the Landau correction described inMethods (w/o prior), and the full BPCmethod
(w/prior).
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employing weights to account for multiple electrons per hit. The exact
numbers of electrons counted over all frames in each occupancy group,
alongwithmeanandRMSerrors on the electrons counted/frame, are shown
in the Supplementary Information (Table S1). As the “BPC w/o prior”
variant allows formore than one counted electron per pixel but does not use
the prior to account for Landau fluctuations, it consistently reports more
counts. Also, the application of the prior-based correction has a greater
effect at lower pixel occupancy, because the long tail of the effect of the
Landau distribution is averaged out at higher occupancies.

The BPCmethod consistently counts experimental data under a
constant electron flux, evaluated over varying aperture sizes
We next studied the performance of the BPC method under conditions of
varying electron occupancy using experimental data. Unlike in Monte
Carlo, we do not have the information of each true electron hit location.
However, by using a fixed electron current and varying the post-specimen
detector camera length,we can change electrondensity on the camera to test
coincidence loss.Given the results fromthe simulation studiespresented,we
hypothesized that BPC would correctly count electrons at higher density.

Experimental data at different camera lengths was collected at 300 kV
and a set offixed beamcurrents. 16,512 frames of 576× 576 pixels eachwere

acquired for four different microscope camera lengths: 47.3mm, 59.9 mm,
74.3mm, and 92mm. This was repeated for each of four different electron
currents: I0 ≈ 30 pA, 2I0, 4I0, and 8I0, for 16 datasets in total. Electron
counting was performed using the standard method20 and using the BPC
method. The first 1000 frames were used in constructing the prior for the
Landau fluctuation corrections.

The results of the counting experiment are summarized in Fig. 3. The
top panel of the Fig. 3a shows the raw data acquired for the highest electron
current (approximately 240 pA) and the four different camera lengths. The
decreasing number of electrons per pixel with increasing camera length is
evidenced by the decreasing intensity (color scale) from left-to-right. In Fig.
3b, for each electron current, the normalized sum of all counted electrons is
shown for BPC and the standard method for the four different camera
lengths (countswere normalized to themaximumnumber of counts over all
camera lengths obtained with the standard method for each current). As in
Fig. 2, three variations of the results of the BPCmethod are shown to better
understand the effects of various components of the method. All curves
corresponding to the BPCmethod showed substantially reduced variations
in the total number of counted electrons vs. camera length when compared
to the standard method. For the lower currents, the number of electrons
reported between the BPC and standard methods is similar, and at higher

Fig. 3 | The BPCmethod consistently counts experimental data under a constant
electron flux, evaluated over varying aperture sizes. The constant flux of electrons
was measured over four different camera lengths to provide a stable number of
electrons with different occupancies. Similar datasets at electron currents I0≈ 30 pA,
2I0, 4I0, and 8I0 were acquired. a The raw circular aperture datasets acquired,
summed over 16,512 frames of 576 × 576 pixels, for electron current 8I0. b The total

number of electron counts summed over 16,512 frames vs. camera length for each of
the 4 electron currents. The curves shown in all cases were normalized to the
maximum number of counts obtained using the standard counting method.
c Average difference in the number of counts per frame relative to the standard
method for variations of the BPC method, and d variation [(max-min)/max] in the
curves shown in (b) for each method, averaged over all electron currents.
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currents, BPC consistently reports higher count values. While the standard
method does not account for an extended electron energy distribution or
electron occupancy and assigns a weight of 1 to all counted pixels, BPC
countsmore consistently, as shown by the flatter normalized electron count
vs. camera length curves even in the case in which one electron per counted
pixel was assumed. This reflects an improved ability to count electrons that
strike different nearby pixels, producing overlapping energy distributions.

These observations are further quantified in Fig. 3c, which shows the
difference in the counts/frame betweenBPC and standardmethods for each
electron current studied, averaged over the different camera lengths. We
found thatBPCcountsmore electrons than the standardmethodonaverage
as the current, and therefore electron occupancy, increases. Finally, Fig. 3d
shows the average percentage variation of the counted electrons per frame.
This is determined for each counting method by computing, for each
electron current, the quantity[(max-min)/max], wheremax andmin
are the maximum and minimum counts per frame across all four camera
lengths, and averaging this quantity over the 4 currents. As hypothesized,
the percentage variation in the number of electrons counted at each camera
length is reducedwhenemploying theBPCalgorithm, and inparticularwith
the prior-based correction. This demonstrates the ability of BPC to more
correctly count electrons crowded into a smaller region on the detector.

The BPC method enhances diffraction from nanoparticles,
yielding higher intensity diffraction peaks and improved image
clarity
Finally,we evaluated theperformanceof themethod in identifyingdiffraction
peaks corresponding to individual nanoparticles. Accurate reconstruction of
single diffraction peaks, and in particular their intensities, is of critical
importance in applications such as crystallography30. Strong diffractionpeaks
are very likely to contain multiple electrons per frame, and thus the BPC
method’s ability to more accurately estimate the intensities of these peaks
could lead to better crystallography metrics and structure solutions.

The dataset consisted of 262,144 frames of doped NaYF4 nanoparticles
(seeMethods).Asimultaneously acquiredHAADF-STEMimagewasused to
identify nanoparticles in real space. The raw frames, captured on the same
detector as used in the studies with varying aperture, were counted with the
standard method and the BPCmethod, employing 1000 frames to compute
the occupancy prior for reduction of Landau over-counting. Figure 4 shows
the summed diffraction patterns (Fig. 4a–c) and real space images showing
the summed diffraction pattern intensity (excluding a region of radius 50
pixels about the direct beam) at each electron probe position (Fig. 4d–f), for
which the countingwasperformedusing the standardmethod(Fig. 4a, d) and
the BPC method (Fig. 4b, e: unweighted, Fig. 4c, f: with occupancy weights
and the application of the prior to correct for Landaufluctuations).We found
that BPC yields visibly improved contrast and sharper diffraction peaks, even
without employing occupancy weights, compared to the standard model.

The HAADF-STEM image acquired during the scan was used to
identify individual nanoparticles in real space (see Methods). A diffraction
pattern corresponding to a single nanoparticle is shown in Fig. 4g for the
standard counting method and in Fig. 4h for the BPC counting method.
Various electron diffraction peaks are visible in the patterns. A single dif-
fraction peak is identified with an arrow in Fig. 4g, h and shown enlarged
below the full diffraction patterns. A major effect that we found was that
BPC eliminates a “halo”-like reconstruction artifact present in the standard
method in regions of high intensity. This effect is due to the final step of the
standard method, which only permits assigning a count to pixels with
intensities greater than their nearest neighbors, thus disallowing adjacent
counts and possibly creating halo-like voids in regions of high intensity.

Wedirectly compared the intensities of singlediffractionpeaksby taking
the difference IBPC− Istandard of the two patterns (Fig. 4i). We found that the
diffraction peaks were in many cases equally or more intense using BPC. To
quantify this observation, we extracted peaks from several patterns (see
Methods), and 7725 peakswere identified across 970 nanoparticle diffraction
patterns. Figure 4j shows the histogram of differences in intensities IBPC −
Istandard for the common diffraction peaks that were found in both datasets.

Critically, we found that the vast majority of peak intensities were larger for
BPC compared to the standard method, sometimes by large amounts.

Discussion
Direct electron detectors are commonly deployed to image materials at the
nanoscale. We addressed the problem of electron counting for APS-based
direct electron detectors by developing the BPC method. We showed that
BPC counts electrons more consistently with increasing occupancy in syn-
thetic data. Analogously, in experimental data, we demonstrated the ability
of BPC to more correctly count the same number of electrons even when
they are crowded into a smaller region on the detector. Finally, in nanobeam
4D-STEM diffraction experiments, we showed that the BPC method can
produce diffraction patterns with visibly improved contrast and higher
intensity diffraction peaks than the standard method. This is significant
because the standard method is often used in 4D-STEM scans with APS
detectors and was designed to work at low electron occupancy. Improved
electron counting leads to more precise reconstructions of material
properties–such as strain, composition, and local electromagnetic
fields–critical for understanding nanoscale phenomena31. Thus, our work
paves theway for improvedcharacterizationandunderstandingofmaterials.

While a thorough evaluation of quantities such as the modulation
transfer function (MTF) and detector quantum efficiency (DQE) is beyond
the scopeof this study,wenote that the application of aGaussian convolution
kernel allows BPC to utilize the full spatial information of an electron impact
on a pixelated detector. As observed by McMullan et al.32 and others33–35, a
deterministic blur leads to an increase of DQE at higher spatial frequencies
due to the suppression of aliasing artifacts associated with simple thresh-
olding.While theBPCmethod still assigns each electronhit to a singlepixel, it
does account for the detector’s PSF, which likely contributes to the observed
improvement in image quality over the standard counting method.

TheBPCmethodcouldpotentially be improved in futurework.While
the BPCmethod produces good results for the 4D Camera, which is back-
thinned36, it may be less suitable for electron hits measured in thicker
CMOS detectors, in which the deposited charge distribution deviates sig-
nificantly from a Gaussian distribution. However, for certain thicker
detectors such as hybrid pixel detectors (HPDs), the method may be
applicable in cases where diffusion dictates the spreading of charge. Future
extensions of the method could generalize the single-electron response
kernel to a non-Gaussian form.

In conclusion, we developed a novel electron counting algorithm for
APS detectors based on convolutions with a pre-parameterized Gaussian
kernel and back-propagation. The algorithm showed improved perfor-
mance in counting electrons, in particular under conditions of increased
pixel occupancy. It requires only the selection of twoparameters (Ae and σe),
which can be estimated from a small detector calibration dataset. No data-
intensive training step is necessary. While a faster standard counting
method is most suitable for obtaining an initial first look at 4D-STEM data,
the BPC method offers improvements, particularly in cases of higher elec-
tron occupancy as in the examples shown in this study, with significant
implications for enhanced materials imaging.

Methods
The BPC method consists of the convolution of a Gaussian kernel over an
estimated count grid, followed by optimization of the count grid values via
back-propagation according to a squared error loss. It is essentially a
deconvolution method implemented using back-propagation assuming a
fixed response defined by the average single-electron energy deposition
analogous to a point-spread function (PSF). A dataset of sparse electron hits
on a given detector is helpful to characterize the average single-electron
response, but the BPCmethod does not require a specific training phase or
training data. Thus, the only important parameters that need to be specified
can be estimated from either known detector characteristics (i.e thickness,
pixel size, etc.) or a relatively small amount of sparse electron data.

The standard countingmethod to which we compare BPC involves, in
brief, the application of a lower threshold to eliminate backgroundnoise and
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anupper threshold to eliminatex-rays. It is, tofirst order, similar to counting
methods used in commercially available detectors. Themethod is described
in more detail below (see “Standard electron counting with stempy”).

Figure 1 summarizes the BPC method workflow. Each electron is
assumed to contribute its deposited charge in the shape of a 2DGaussian
with a specified amplitude and width. The parameters of the Gaussian

are dependent on the detector and primary electron energy and remain
fixed. Initially, the raw frame (F) is converted to an estimated initial
count grid (C0, see Fig. 1b), and the grid is optimized with stochastic
gradient descent via back-propagation starting from this initial condi-
tion (described inmore detail later). Each pixel in the count grid contains
a floating-point value which is adjusted with each iteration in an attempt

Fig. 4 | The BPC method enhances diffraction from nanoparticles, yielding
higher intensity diffraction peaks and improved image clarity. The sum of
counted diffraction patterns (a–c) and the real-space images constructed by sum-
ming the total diffraction pattern intensities at each probe position (d–f), as mea-
sured with a 4D-STEM detector and counted using the standard counting method
and the BPC counting method, are shown. The diffraction patterns are shown with
log-scale intensity (min. value = 4, max. value = 2932505), the real space images are
shownwith linear-scale intensity (min. value = 0,max. value = 618), and all images in
each row (a–c) and (d–f) are shown with equal contrast. An example diffraction

pattern from the same dataset summed over real-space probe positions of a single
nanoparticle, reconstructed with the standard (g) and BPC (h) counting methods, is
also shown, as well as the difference IBPC − Istandard (i) between these two patterns.
The images in (g, h) are shown on a logarithmic intensity scale (min. value = 0
assigned to the darkest intensity, max. value = 100). A single peak is highlighted to
demonstrate a “halo” artifact observed in the standard counting for intense peaks.
j Intensity difference for diffraction peaks selected from many nanoparticles,
counted with the BPC and standard counting methods.
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to match the raw frame. Once the optimization is complete, the pixel
counts are rounded to the nearest integer. Additionally, we can account
for the Landau fluctuations of the electron energy deposition in cases
where a single electron strike may be erroneously identified as several
due to the Landau tail. The method was implemented in PyTorch27. AI
models including ChatGPT andGoogle Gemini were employed to aid in
the construction of the code and corresponding analysis, and all results
from the use of AI were verified by the authors. Each step of the algo-
rithm is described in more detail below.

Single-electron Gaussian parametrization
The BPC method first requires the selection of appropriate parameters for
the 2D Gaussian kernel, which estimates the single-electron energy
deposition signature at the incident energy of interest. The kernel sizeW ×
W (W odd) must first be chosen. In this study, we use W = 3 though the
implementation of the methodmakes it straightforward to increase toW =
5 or greater. An approximate determination of the amplitudeAe and width
σeof the kernel canbe extracted froma lowelectronfluxdataset inwhich the
vastmajority of electron strikes are single-occupancy. Starting from the raw
data in ADC counts and subtracting the baseline, a nominal single-electron
threshold can be set, and patches of size W × W, centered on pixels
exceeding this threshold, can be averaged and fit to a 2D Gaussian,

GðAe; σeÞ ¼ Ae exp � x2 þ y2

2σ2e

� �
: ð1Þ

The choice of parameters is not bound by such a fit, and in practice the
parameters obtained may not be optimal. For the experimental data ana-
lyzed in this study, we use Ae = 19.03 and σe = 0.51 which were extracted
from a 2D Gaussian fit to an average single-electron hit distribution in the
sparsest dataset (with lowest current) analyzed in the studies of varying
aperture size. In the synthetic data analyzed, a similar 2D Gaussian fit to
frames constructedwith a sparse electron distribution gaveAe = 28 and σe =
0.77. We reduced σe to 0.6, as the algorithm was found to be unstable
(converged slowly and produced spurious counts) for values of σe sig-
nificantly greater than 0.6.

Electron counting fit with back-propagation
Next, BPC reconstructs each raw frame by applying the 2DGaussian kernel
to a “count grid”where each pixel estimates a number of electron strikes. An
initial count gridC0

ij is first estimated from the raw frame F by subtracting a
baseline b based on the average dark noise and normalized by Ae.

C0
ij ¼

Fij � b

Ae

� �
: ð2Þ

Here, ⌊ ⋅ ⌉ refers to rounding to the nearest integer. The 2D Gaussian
kernel is then convolvedwith the count grid toobtain a reconstructed frame,

Pk
ij ¼ Ck

ij � GðAe; σeÞ
¼ P

l;m
Ck
ðiþlÞðjþmÞGlmðAe; σeÞ; ð3Þ

where l andm range from− (W− 1)/2 to (W− 1)/2. The elements of the
count grid Ck

ij are trainable parameters that serve as “weights” for the
Gaussian kernel, andwe denote the predicted frame asPk

ij and themeasured
frame as Fij. We then compute the loss for the iteration, which we choose to
be the sum of the squared differences of the pixels in the true and recon-
structed frames,

Lk ¼
X
i;j

ðFij � Pk
ijÞ

2
: ð4Þ

We then perform back-propagation with learning rate λ (in this work
we use PyTorch’s implementation of the Adam optimizer with base λ =

0.01) to converge on a count grid that best reproduces the raw frame
(Fig. 1b),

Ckþ1 ¼ Ck � λ
∂Lk
∂Ck : ð5Þ

By back-propagating the gradients through the loss Lk, we update the
count grid for the next iteration toobtainCkþ1

ij . This strategy of updating the
“input” via back-propagation rather than the parameters of the convolu-
tional kernel is similar to that employed in ref. 37 to produce images
matching specific styles. Input optimization for a fixed model can also be
found in studies of adversarial examples38 in neural networks.

The procedure can be stopped after a given number of iterations M.
Increasing M results in a counted grid that more precisely matches the
experimental data but obtaining a perfect match is not required for good
counting. For the nanoparticle counting experiment, we set a maximum of
3000 iterations. A dynamic stopping condition can also be implemented to
activatewhen the loss decreases by less than a specified percentage over a set
number of consecutive iterations. The final count grid is rounded to the
nearest integer to obtain an integer number of electron counts for each pixel.

Addressing the Landau tail with a prior
As described earlier, the energy deposited by an electron in a thin detector
will follow a Landau distribution. The long tail of this distribution indicates
that a single electron can deposit, with relatively high frequency, sig-
nificantly more energy than the most probable deposited energy. This will
likely lead tomany pixels being assignedhigh electron counting numbers, as
BPC assumes an energy deposition shape with a fixed amplitude that will
most likely be chosen tobewithin a factor of~2of themostprobable value in
the Landau curve.

It is notpossible todirectly determinewhether a givenpatternof energy
deposition belongs to one electron depositing much more energy than the
most probable value ormultiple electrons eachdepositingmuch less energy;
however, we can use a statisticalmethod tomodify the optimized count grid
in a way that aims to improve the counting. The procedure is as follows:
1. Construct a “prior”μijwhich estimates the average number of electrons

per frame striking each pixel in the counted dataset.
2. Use the prior to compute the probability that, if a pixel is hit, it was hit

by more than one electron.
3. For all pixels in the optimized count gridCij containingmore than 1 hit

count, reduce the hit count to 1 if a uniformly distributed random
number is greater than the probability computed in step #2.

Note that the procedure makes no assumptions about the actual
Landau distribution of energy deposition but rather removes cases of
multiple hits when, based on the expected number of hits and Poisson
statistics, they would be considered rare. Here, we assume that the electron
occupancy across frames remains constant throughout the scan. As this is
rarely true in practice but is often a good approximation, in this study we
showcounting resultswith andwithout the application of this procedure for
comparison.

The prior μij can be estimated from a number Np of frames Fm as the
average of these frames divided by a chosen characteristic single-electron
amplitude. The value Ae from equation (1) can be used as this amplitude,
and we require a minimum mean value of zero. Therefore, we have,

μij ¼ max 0;
1
Np

XNp

m¼1

ðFmÞi;j
 !

=Ae

( )
: ð6Þ

Once the prior has been constructed, we take it to represent the mean
number of electrons per frame striking each pixel. Assuming that this
number follows a Poisson distribution, we can use it to compute the
probability thatnij electrons strike pixel (i, j) as Poisson(nij;μij). The quantity
we are interested in for the purposes of reducing the counting error due to
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the Landau tail is the conditional probability that, given at least 1 electron
hit, we have two or more hits, P(nij ≥ 2∣nij ≥ 1; μij). According to Bayes’
theorem,

Pðnij ≥ 2jnij ≥ 1; μijÞ
¼ Pðnij ≥ 1jnij ≥ 2;μijÞ�Pðnij ≥ 2;μijÞ

Pðnij ≥ 1;μijÞ

¼ Pðnij ≥ 2;μijÞ
Pðnij ≥ 1;μijÞ

ð7Þ

since P(nij ≥ 1∣nij ≥ 2; μij) = 1.We can compute this conditional probability,
knowing that the probability of drawing a Poisson number greater than
some integer l is equal to 1 minus the sum of all Poisson probabilities for
numbers less than l, that is,

Pðnij ≥ l; μijÞ ¼ 1� Pl�1

m¼0
Poissonðm; μijÞ

¼ 1� e�μij
Pl�1

m¼0

ðμijÞm
m! :

ð8Þ

With this, we computeP(nij≥ 2∣nij≥ 1; μij) and compare it to a random
number generated from a uniform distribution in the [0,1) interval for each
pixel. For those pixels withmore than 1 electron hit in the final counted grid
Cij, if the generated random number is greater than the computed prob-
ability, we set the value for that pixel to 1. In this way, improbable multiple
hits are reduced to a single hit which was assumed to have deposited more
energy due to the Landau tail. But for pixels with a high average number of
electronhits,multiplehits aremore likely to remain in thefinal countedgrid.

This procedure does not address all possibilities. It simplifies the
decision for each pixel to “single-electron” or “multi-electron”. It alsomakes
no attempt to determine whether a pixel with 3 apparent electron hits is
actually 2 hits with 1 hit depositing above-average energy. A more sophis-
ticated procedure would need to take into account the possible combina-
torics of the composition of an n-electron hit response and the details of the
Landau distribution, a task which is NP-hard and infeasible to confront in a
practical application.

Practical details of the BPCmethod
For the nanoparticle dataset (Fig. 4), we processed batches of 2064 frames
each of which required approximately 5 minutes to reach 3000 iterations
using anNVIDIAA100GPU.The total processing timewas 10.6hours. The
method is slower than threshold-based countingmethods, and is better used
for post-processing. The computational cost scales linearly with the number
of pixels and iterations. While a single iteration is independent of electron
occupancy, the occupancy and content of a frame affect the number of
iterations required for convergence. Thus, more complex frames require
more iterations to converge.

Standard electron counting with stempy
The standard electron counting algorithmused in this study is implemented
in the stempy20 4D-STEM analysis package. It takes as inputs the raw
detector frame, a background threshold, and an X-ray threshold to exclude
high-intensity events that were likely to have been the result of X-rays
striking the detector. A dark reference frame for background subtraction
and a gain map for pixel-wise sensitivity correction can also be provided as
optional inputs.

The algorithm first applies the dark reference subtraction and gain
correction (if provided) to each frame. The pixel intensities are then thre-
sholded, so that pixels with values below the specified background threshold
or above the X-ray threshold are excluded from consideration as electron
hits. An electron strike is registered at a pixel’s location if its intensity is
greater than that of all of its eight immediate neighbors. In our analysis of
simulated electron strikes, a background threshold of 10 counts and an
X-ray threshold of 175 counts were employed.

Simulation of electron hits in APS detectors
Toconstruct a simulated frame containing somenumber of electronhits,we
first generate a library of pixel response distributions for single-electrons
incident on a silicon plate using Geant439, whichmodels the Landau nature
of the electron energy deposition. For each electron hit in the simulated
frame, we can then place a randomly-selected pixel response distribution
centered on its specific hit location. In this study, we used an incident
electron energy of 300 keV and an active region thickness of 5 μm, and the
electron hit locations on a single frame were simulated according to a
Gaussian distribution.

To model the charge collection process, diffusion was applied from
the energy deposition sites to the edge of the plate. This was done by
simulating a random walk for each electron produced in the
Geant4 simulation using an estimatedmean electron scattering length of
1 μm. The detection plane was binned to a 10 × 10 μm2 pixel size, and the
simulated pixel counts were then multiplied by a scaling factor so that
the peak of the Landau distribution of the sum of all ADC counts in a
single hit was approximately 40. 200,000 single-electron hits were saved
in a database for use in building multi-hit frames. In the simulation
studies presented here, we consider frames for which electronic noise is
insignificant, and therefore we add a low Gaussian noise of mean 0 and
width of 1 to all pixels in the simulated frames.

Experimental details
Near parallel-beam 4D-STEM datasets were acquired using the TEAM
0.5 aberration corrected STEM40 of the National Center for Electron
Microscopy facility of the Molecular Foundry at Lawrence Berkeley
National Laboratory. The STEM was operated at an accelerating voltage
of 300 kV for all experiments. An APS detector called the 4D Camera41

was used for the data collection with a frame rate of 87,000 Hz and 576 by
576 pixels per frame. The data shown in Fig. 3a were generated using a
constant beam current (flux) of approximately 30 pA, and the post-
specimen camera length was reduced to increase the current density on
the camera. The process was also repeated with higher flux values to
increase the likelihood of coincidence on the camera. The scan of
nanoparticles presented in Fig. 4 was acquired with a probe convergence
angle of approximately 0.1 mrad and about 15 pA of beam current. 512
by 512 real space probe positions were used to image the 614 nm field of
view with a probe step size of 1.2 nm. The size of the resulting raw dataset
was 174 GB which was processed using the standard counting method
and our newly developed BPC method.

The nanoparticle samples consisted of hexagonal-phase NaYF4 core/
shell nanoparticles with 15% Tm3+ core and 20% Gd3+ shell doping42,43.
These Tm3+-based nanoparticles can both upconvert short-wave infrared
light to shorter near-infrared wavelengths43 for use in imaging biological
systems and be used as remote force sensors with exceptionally large
dynamic range44. Their single-crystalline nature produces very strong Bragg
peaks in diffraction patterns with a high probability of multiple electron
strikes in detector frames.

For diffraction peak finding and fitting we used functions from the
ncempy Python library45. The center of each nanoparticle was identified in
the simultaneously acquired HAADF-STEM image (see Supplementary
Information, Fig. S1), and a 2D circular mask of radius 6 pixels was used to
extract each particle’s real-space coordinates. We sum all diffraction pat-
terns corresponding to the masked area to generate one diffraction pattern
for each individual nanoparticle.

Bragg peaks were found in each summed diffraction pattern using a
common peak finding algorithm employing a threshold value of 12 elec-
trons to remove background noise. Only the most intense peak was kept
when multiple peaks were identified within a minimum distance of 10
pixels, and only peaks common to both the BPC and standard recon-
structionswere considered.Thepeakswerefit to 2DGaussiansusing an11×
11 pixel window centered on the peak location as the region of interest. The
intensity of eachpeakwas taken tobe themaximumvalue obtained from the
2D Gaussian fit.
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Data availability
The 4D-STEM datasets analyzed during the current study are not publicly
available due to their large size but are available from the corresponding
authors on reasonable request.

Code availability
The code for the BPCmethod is available onGitHub at: https://github.com/
jerenner/backpropcount.
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