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ABSTRACT Operating semiconductor quantum dots as quantum bits requires isolating single electrons by
adjusting gate voltages. The transitions of electrons to and from the dots appear as a honeycomb-like pattern
in recorded charge stability diagrams (CSDs). Thus, detecting the pattern is essential to tune a double dot,
but manual tuning is seriously time-consuming. However, automation of this process is difficult because
the transitions’ contrast is often low, and noise and background disorder potential shifts disturb the CSDs.
Therefore, the signal-to-noise ratio needs to be increased to improve the detection of the line pattern. For
this purpose, we evaluate a representative set of edge-preserving smoothing filters and compare them both
quantitatively and qualitatively by suitable metrics and visual assessment. We generate artificial data to use
full-reference metrics for the evaluation procedure and to optimize the filter parameters. Based on the results
of this article, the methods attain a moderate to good amount of noise reduction and structure improvement
dependent on the different CSD qualities. In conclusion, we suggest introducing the block-matching and
three-dimensional transform-domain filter into the automated tuning processing pipeline. If the data are
corrupted by significant amounts of random telegraph noise, the bilateral filter and the rolling guidance filter
are also good choices.

INDEX TERMS Automated tuning, double quantum dots, edge-preserving smoothing, noise reduction,
quantum computing.

I. INTRODUCTION
Quantum computing uses quantum mechanical effects for
particular computing problems, promising an exponential
speed-up compared with any classical computer. Among oth-
ers, one can encode quantum bits (qubits) using quantum
mechanical states of atoms, ions, electrons, or even photons.
Due to their potential for scalability, spin qubits are a promis-
ing candidate [1]–[3].
Here, we consider gate-defined double quantum dots in a

GaAs/AlGaAs heterostructure in the single electron regime.
It isolates two electrons in a thin layer of electron gas, called
2-D electron gas (2DEG), that is existent in the semiconduc-
tor heterostructure. One can use this system for several qubit

encodings, such as single-spin and, like in our case, singlet-
triplet or as a part of a three-dot exchange only qubit. The
quantum information is stored in the combined spin states of
the two electrons of a double quantum dot [4], [5, Ch. 8]. In
our work, we consider two different gate layouts, gate layout
1 (GL1) (adapted from [6]) in Fig. 1(a) and gate layout 2
(GL2) [7] in Fig. 1(b). Voltages applied to the gate electrodes
deplete the area underneath the gates. Furthermore, they
affect the dots by changing the tunnel barriers between
adjacent quantum dots (barrier gates) or by shifting the
electrochemical potential of a specific quantum dot (plunger
gates) [8]. The experimental setup [7], [9] is identical for both
layouts.
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FIGURE 1. (a) Gate layout 1 and (b) gate layout 2 for two double
quantum dots (red dots) and two sensing dots (green dots). Barrier gates
are marked in red, plunger gates in gray, sensor dot barrier gates in
green, and radio frequency gates in blue.

FIGURE 2. Charge stability diagram [5, Ch. 8] and a measured CSD
example of a double quantum dot.

A. TUNING
The operation of gate-defined quantum dots requires a pre-
ceding tuning process to identify the gate voltages needed to
capture and tunnel-couple individual electrons. The tuning
consists of a coarse- and a fine-tuning part, comprising sev-
eral subtasks themselves. One major subtask of the coarse-
tuning is to form the quantum dots, represented by the four
red dots in Fig. 1, and to deplete them to the single-electron
regime. For this, one can observe changes in the dots’ oc-
cupancy in CSDs, which reflect the charge as a function of
the two plunger gate voltages. For example, the left part of
Fig. 2 shows a modeled charge stability diagram (CSD) of
a double dot with (l, r) denoting the number of electrons in
the left and right quantum dot. The lines indicate an elec-
tron tunneling, and the honeycomb-like structure originates

from the electrostatic coupling between the quantum dots and
the distant gate [5, Ch. 8]. In the experiment, the line pat-
tern appears when measuring the conductance (right part in
Fig. 2) through the nearby electrostatically coupled sensing
dot (green dots in Fig. 1). Unfortunately, the transition lines
and occupation areas are often diffuse, disturbed by noise
and artifacts, and contain only a smaller section of the whole
CSD. Sometimes the transition lines are not even evident.
Generally, the CSDs contain relatively simple structures,

but often with very low contrasts. Depending on the mea-
surement procedure, the lighting is often nonuniform due to
sensor dot drifts. Furthermore, with scalability of a quantum-
dot-based platform for quantum computing inmind, the reso-
lution should be as low as possible to minimize the measure-
ment time. Conversely, natural images have a richer local co-
variance resulting from more complicated geometries. Their
contrast ranges from medium to high with often uniform
lighting and high image resolution [10]. For edge-preserving
filters, especially, the low contrasts of CSDs are challenging,
whereas their simple geometries ease structure preservation.

B. MOTIVATION
The most commonly used manual tuning procedure is time-
consuming and not practicable for a scalable quantum com-
puter with thousands of qubits. Therefore, several authors
suggested solutions for an automated tuning procedure.
In coarse-tuning, machine learning techniques play a dom-

inant role in determining the charge state of quantum dots.
Frequently, we use convolutional neural networks (CNNs),
which are artificial neural networks designed for image clas-
sification and pattern recognition [11]–[14]. [11] and [15]
compared binary classifiers, such as logistic regression, mul-
tilayer perceptrons, support vector machines (SVMs), deci-
sion trees, random forests, quadratic discriminant analysis,
and k-nearest neighbors (kNN) for determining if a CSD
belongs to a single or double quantum dot. Moreover, Czis-
chek et al. [16] established feed-forward neural networks
(FFNNs). The methods above work with simulated datasets
based on a physical model [12], [14], [16] or experimen-
tal data [13], [15] for training. Darulova et al. [11] com-
pared synthetic and experimental training data results. They
showed an advantage for experimental or a combination of
synthetic and experimental data because the noise in exper-
imental data was not understood well enough to simulate it
accurately for synthetic training data.
Besides the supervised machine learning techniques,

Lapointe-Major et al. [17] used for single quantum dot tuning
signal preprocessing to remove the background of the CSDs
and a modified Hough transform [18] or EDLines [19] to
detect curved lines. Furthermore, Moon et al. [20] described
an iterative unsupervised learning technique. Nevertheless,
many approaches tune only a few device parameters, still
require human intervention, or need nearly noiseless data.
Detecting the weak charge transition lines is a challenging

task for a computer and even for a human expert if the quality
of the diagrams is poor. Using preprocessing techniques that
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reduce unwanted noise while preserving or even improving
the lines is beneficial for the quality of the results of the sub-
sequent algorithms, including edge detection, segmentation,
and pattern recognition. Hence, we examine the applicabil-
ity and performance of edge-preserving smoothing filters on
CSDs. Section I-C gives an overview of this class of filters.
The major aim is to find the transition lines in the CSDs.

Knowing the position of the lead and interdot transitions,
allows one to automatically determine additional quantum
characteristics of the system by extracting parts (e.g., 1-D
slices) from the original, nonfiltered data at corresponding
positions. Primarily, these comprise different tunnel cou-
plings by extracting the widths of the lead or interdot tran-
sitions [21]. However, when improving the structures, the
filtered CSDs ease the identification of the gates’ cross cou-
pling from the slopes of the lead transitions for the generation
of a virtual gate matrix [22].
Due to the different possible acquisition methods (trans-

port or RF measurement, dc, or high-frequency voltage
sources), the CSDs may contain different noise components
and anisotropic resolutions, although isotropic scans are pre-
ferred. If the resolution is too anisotropic, even for resampled
CSDs stepping effects might influence the filters’ quality
and subsequent methods for the automated tuning badly. The
typical image size for our application is 100 × 100 pixels.
This resolution is small enough to be acquired quickly and
high enough to resolve transition lines. Overall, the selected
CSD measurements comprise float values from the interval
[−0.3463, 0.6195] with an individual dynamic range be-
tween 0.0085 and 0.1696.

C. RELATED WORK
Edge-preserving smoothing filters address a base problem
in signal and image processing to separate noise from the
information. This section summarizes the most established
methods, but the number of proposed algorithms is by far
higher, often focusing on particular aspects and applications.
Local filters try to suppress the noise based on the

information available in the pixel’s neighborhood. The
algorithm of Kuwahara et al. [23] defines four neighborhood
regions and computes the mean of the region with
the minimum variance. Working similarly, Nagao and
Matsuyama [24] used nine rotating bars instead. Davies
and Rosenfeld [25] took the mean of k-nearest neighbors
from an ordered list, whereas Jee [26] worked with local
statistics, an estimate for the global noise variance, and the
minimum mean-squared error (MMSE). Another approach,
the modified trimmed mean [27], combines the median
and mean filters to exclude strongly divergent neighbors
from averaging. Furthermore, the SUSAN technique [28]
analyzes masks indicating the similarity between the local
radius region and the center pixel. Besides, Paris et al. [29]
suggested a pyramidal local Laplacian filter approach.
Some local filters work adaptively and are often used

to remove speckle noise. Frost et al. [30] worked with an
exponentially weighted convolution kernel that adapts to

regions by exploiting local statistics. Similarly works the
sigma filter [31], which computes the weighted average of
pixels, whose intensities lie within the central pixel’s two
standard deviation range. Instead, the adaptive Wiener fil-
ter [32] uses weights derived from a minimum estimator and
local estimated statistics. In addition, the gamma-maximum
a posteriori (GMAP) filter [33] approximates the signal and
noise statistics using the gamma distribution function and
computes the denoised image using the MAP estimation.
The iterative approach of [34] convolves the image with
an averaging mask, depending on the signal continuity.
However, the LLSURE filter [35] uses an affine transform
on blocks, whose transform coefficients are determined by
minimizing Stein’s unbiased risk estimate (SURE).
Prevalent are methods that consider smoothing as a dif-

fusion process. In the pioneering work of [36], the local
image gradient influences the diffusion coefficients of the
anisotropic heat diffusion equation. Black et al. [37] pro-
posed a robust statistical interpretation of anisotropic dif-
fusion (AD) that improves edge continuity. Moreover, We-
ickert [38] introduced semiimplicit schemes using additive
operator splitting to reduce the number of iterations, whereas
the nonlinear Gaussian filter chain (NLGC) [39] focuses on
solving the partial differential equation by introducing a fixed
changing rule for the Gaussian range and spatial distance
kernels.
The bilateral filter (BF) [40] uses the same kernels. It

computes the average of neighboring pixels weighted by the
Gaussian of their range and spatial distance. However, the
brute-force implementation has a high runtime complexity.
Thus, several approaches aim to reduce runtime [41]–[44],
often with lower accuracy and more artifacts. Besides
acceleration, Zhang and Gunturk [45] studied the optimal BF
parameter selection with their multiresolution BF approach.
The trilateral filter (TF) [46] extends the BF by tilting the

filter window by the local image gradient, enabling piecewise
linear smoothing. Another TF variant [47] removes mixed
Gaussian and impulse noise using the local rank-ordered
absolute difference (ROAD) statistic. Liu et al. [48] showed
that the latter two TFs can be combined to increase noise
reduction.
The guided image filter (GF) [49] uses structural infor-

mation of a guidance image to estimate the parameters of a
spatially variant filter kernel through linear regression. Fur-
thermore, the fast guided filter [50] speeds up GF by sub-
and upsampling techniques, whereas the weighted GF [51]
improves quality by introducing edge-sensitive weights to
the regularization parameter. Finally, the rolling guidance
filter (RGF) [52] establishes an iterative and fast converg-
ing framework to control detail smoothing under a scale
measure.
Besides the local filtering approaches, global methods

also are used. The nonlocal means filter (NLM) computes
a weighted mean of all pixels, taking the pixel’s similarity
to the target pixel into account. Mahmoudi and Sapiro[53]
identified dissimilar neighborhoods and excluded them from
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the weighted averaging to accelerate NLM. Moreover, the
unsupervised information-theoretic adaptive image filtering
(UINTA) [54] realizes an iterative NLM method that im-
proves the predictability of pixel intensities by minimizing
the joint entropy. However, Buades et al. [55] determined the
means’ weights by comparing image patches. The optimal
spatial adaption (OSA) method [56] performs denoising in
adaptive patches using block-based weights, whereas Elad
and Aharon [57] used K-clustering with singular value de-
composition (SVD) to approximate patches as a linear com-
bination of patches from a redundant dictionary.
In a different global approach, Rudin et al. [58] mini-

mized the estimated image’s total variation (TV) norm using
a Lagrange multiplier and the gradient projection method,
whereas Osher et al. [59] proposed an iterative Bregman
regularization procedure for TV. Furthermore, Gilboa and
Osher [60] introduced a nonlocal TV using the nonlocal gra-
dient as the regularization term.
As a nonlinear global approach, [61] suggested a weighted

least squares (WLS) optimization framework that involves
the similarity between input and output and the weighted
L2 norm penalty on image gradients. In a different method,
the L0 gradient minimization optimizes an energy function
based on prior gradient sparsity [62]. For acceleration, the
fast WLS method [63] decomposes the original large linear
system into two spatial dimensions and solves the matrix
with a sequence of 1-D fast solvers.
By far, most transform-based methods use the wavelet

transform. One of the first methods (VisuShrink [64]) uses
standard wavelets and performs coefficient hard thresh-
olding. Its soft-thresholding variant [65] shrinks the high-
magnitude wavelet coefficients with a nonlinear function
above the threshold. SureShrink [66] applies thresholding by
minimizing the mse that takes a hybrid of the universal and
the SURE threshold. Instead of the mse, BayesShrink [67]
uses the Bayes risk estimator function. Furthermore,
BiShrink [68] incorporates a bivariate probability density
function to describe the statistical dependence between the
wavelet coefficients of two adjacent scales. Another ap-
proach (NeighShrink [69]) considers deterministic neigh-
borhood dependencies of coefficients, whereas the method
in [70] minimizes the generalized cross-validation function.
Finally, Silva et al. [71] applied edge strength-based adaptive
thresholding to the wavelet decomposition of image blocks.
The wavelet transform usage also has been reported in

combination with other methods. Dabov et al. [72] pre-
sented the block-matching and 3-D-transform-domain fil-
ter (BM3D) that combines the NLMs theory and wavelet
transform-based denoising. Luisier et al. [73] proposed an
algorithm that combines wavelets with SURE-LET, and Fat-
tal [74] constructed adaptive wavelets using a robust data
prediction lifting scheme for better data decorrelation. The
method in [75] derives a hidden graph structure from the
wavelet coefficients to model the image’s prior probability.
Our goal is to identify methods providing robust and

good results for CSD denoising. Thus, we preferably select

well-established filters with available implementation and
aim to cover a broad range of methodologies. We describe
the chosen filters and their parameters in the following
section in more detail.

II. FUNCTIONALITY AND PARAMETERS OF THE
SELECTED FILTERS
In the following, I(a) denotes the image value of a pixel
at the 2-D space coordinate a. We describe the parameters’
optimization for the different approaches in Section IV.

A. BILATERAL FILTER
The bilateral filter (BF) [40] works with aweightedmean that
is computed according to (1), where N(a) is a normalization
value.

Î(a) = 1
N(a)

∑
b∈D I(b) · wd (‖b − a‖) · wr(I(b) − I(a))

(1)
The domain function wd weights closer pixels stronger, and
the range function wr similar pixels. Both weighting func-
tions are typically Gaussians

w(‖x‖) = exp

(
−‖x‖2

2σ 2

)
with different standard deviations, σd and σr, as the filter’s
parameters.
We use the filter implementation from DIPimage [76].

B. ANISOTROPIC DIFFUSION
The AD filter, published by Perona and Malik [36], imple-
ments an iterative process according to

It+1
i, j = Iti, j + λ[cN · �NI + cS · �SI

+ cE · �EI + cW · �WI]
t
i, j. (2)

In this equation, t denotes the iteration step, �kIi, j the finite
difference to the neighbor in k-direction, ck the conduction
coefficient in k-direction, and λ ∈ [0, 1] the strength of the
picture changes in each iteration. The conduction coefficients
change in every iteration, exemplarily shown in the following
equation for the northern direction:

ctNi, j = g(‖(∇I)ti+(1/2), j‖) ≈ g(|�NIti, j|). (3)

The function g is a nonnegative monotonic decreasing func-
tion with g(0) = 1. For our investigation, we use

g(|�ηI|) = exp

(
−|�ηI|

K

)
where �η denotes the finite difference in direction η. Equa-
tion (3) smoothens the gradient magnitudes below the gra-
dient threshold K and enhances the ones above. Perona and
Malik suggested settingK to the 90% quantile of the gradient
magnitude histogram, as described by Canny [77]. Fig. 3(c)
shows the gradient magnitude thresholded with the 90%
quantile for the example CSD in Fig. 3(a). The rightmost
edge in the image disappears in the thresholded gradient
magnitude. If we set K to the 70% quantile, more edge pixels
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FIGURE 3. (a) Example CSD, (b) its gradient magnitude thresholded with
the 70% and (c) 90% quantile, and (d) the AD’s result with
K = 70% quantile and (e) K = 90% quantile.

are present in thresholded gradient magnitude, leading to a
less blurred edge. On the other side, Fig. 3(b) also contains
much noise, but this only has a negligible effect on the noise
reduction visible in Fig. 3(d) and (e). These images also show
that the lower value for K leads to sharper edges.
We use the anisotropic diffusion filter (AD) implementa-

tion from DIPimage [76] in our work.

C. NONLINEAR GAUSSIAN FILTER CHAIN
The NLGC [39] comprises iterated BFs with Gaussian
weight functions. First, it reduces the contrast of fine details
in the image while keeping the coarser structures which then
are sharpened by gradually decreasing σr and increasing σd .
The whole filter process can be represented by

GC = Gσrk ,σdk
◦ Gσrk−1 ,σdk−1

◦ · · · ◦ Gσr1 ,σd1
(I)

σri+1 = 1

α
· σri , σdi+1 = n

√
α2 · σdi ,

where Gσri ,σdi
is a BF with parameters σri and σdi , k is the

number of iterations of the filter chain, and n is the dimension
of the image [78].
Aurich and Weule [39] observed that one could get

best results for a two-dimensional image when halving σr
and doubling σd after each step, i.e., α = 2. Moreover,
Mühlhaus [78] described a strategy for the initial determi-
nation of the parameters

σr1 = 2 · σ and σd1 =
n
√
4α2

2
√

π

where σ is the standard deviation of noise in the image.
Although one can determine σ via noise estimators, their
precision for our data is unknown, causing us to treat σ as a
free parameter. Additionally, Mühlhaus suggested using the
chain length

k =
⌈
log2

(
Hmin

2σ

)⌉

where Hmin is the minimum height of a preserved edge.
We include only Hmin and σ in the parameter optimization
process and implemented the nonlinear Gaussian filter chain
(NLGC) ourselves.

D. UNIVERSAL TRILATERAL FILTER WITH IMPULSE
DETECTOR
The universal TF with impulse detector by Liu [48] com-
prises the two different TFs by Choudhury and Tumblin [46]
and by Garnett et al. [47].
In addition to the BF, the TF tilts the filter window by

a smoothed version of the image gradient. For this, Liu
used the TF by Garnett, which introduces a third weighting
function

wi(a) = exp

(
−ROAD(a)2

2σ 2
i

)
(4)

to suppress impulse noise. This function uses ROAD that
correspond to the sum of the four lowest gray value differ-
ences between a pixel and its eight neighbors. Moreover, a
switching function

J(a,b) = 1 − exp

(
−
(
ROAD(a) + ROAD(b)

2

)2/
(2σ 2

j )

)
(5)

is used that ensures for outliers the usage of wi or wr, other-
wise. Then, the smoothed gradient

Gθ (a) = 1

N(a)

∑
b∈D

∇I(b) · wd (‖b − a‖)

· wr(∇I(b) − ∇I(a))1−J(a,b) · wi(b)J(a,b) (6)

of the image can be calculated, where N(a) normalizes the
filter weights.
Finally, the main filter process is given by

Î(a) = I(a) + 1

N�(a)

∑
b∈D

I�,a(b) · wd (‖b − a‖)

· wr(I�,a(b)) fθ,a(b) (7)

with I�,a(b) = I(b) − Pa(b)

and Pa(b) = I(a) + 〈Gθ (a),b − a〉.
Î(a) denotes the value for the filtered pixel, N�(a) is a nor-

malization factor, and the function fθ,a represents together
with a threshold R a binary decision for gradient similarity
between a and b.

The universal TF contains many parameters that need to
be determined. Garnett et al. suggested setting σr in (6) to
twice the standard deviation of the Gaussian noise in the
image, estimated by a modified version of [79]. Additionally,
Choudhury and Tumblin proposed to set the threshold R in
(7) to σr. Moreover, Garnett et al. showed that the ROAD
values for uncorrupted pixels are likely to lie below 23.4%
of the data range, so we used this value for σi in (4) and
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(6), respectively.Moreover, the switching function (5) should
also indicate if only one pixel (a or b) is an outlier, but it
contains a mean operation. Therefore, we choose σ j = σi/2
to avoid classifying different pixels as outliers by wi and J.
Finally, σd , which can be equal for (6) and (7), and σr in

(7) remain to be determined.
We based our code of the universal TF on the implemen-

tation of Choudhury and Tumblin’s TF developed by As-
tola [80].

E. NONLOCAL MEANS
The NLM of Buades et al. [55] computes a weighted average
based on the analysis of neighborhoods instead of pixels to
achieve a more robust comparison. It computes the new pixel
value

Î(a) = 1
N(a)

∑
b∈W I(b)w(a,b) (8)

with no spatial distance playing a role in the weights any-
more. In (8), N(a) is a normalization value, and W is the
window for the search for similar neighborhoods. The weight
function

w(a,b) = exp

(
−‖I(Na) − I(Nb)‖22,σ

h2

)

depends on the similarity of the neighborhood regions I(Na)
and I(Nb) around a and b. The numerator in the weight
function represents a Gaussian weighted Euclidean distance
with standard deviation σ . Furthermore, high values for the
filtering degree h cause stronger blurred filter results. Differ-
ent from the suggestion of Buades et al., we setW = 3 and
N = 9 as larger values do not create better results but only
generate longer runtimes.
In our work, we use the implementation of Manjon-

Herrera [81]. Instead of the Gaussian kernel, it uses weights
depending on the size of N .

F. GUIDED IMAGE FILTER
He et al. [49] published the GF. Besides the input image,
they used a guidance image to determine the weights for the
weighted average. When using the input image itself as the
guidance image, the filter acts as an edge-preserving smooth-
ing filter

Î(a) =
∑
b∈D

Wa,b(I)I(b) with

Wa,b(I) = 1

|ω|2
∑

k:(a,b)∈ωk

(
1 + (I(a) + μk )(I(b) + μk )

σ 2
k + ε

)
.

The variable ωk corresponds to the filter window, which
contains pixels a and b, |ω| denotes the size of the filter
window, μk and σ 2

k are the mean and variance in ωk, and
ε is a regularization parameter.

The window sizes |ω| and ε are the parameters to be deter-
mined. They have a similar impact as the parameters σd and
σr in the BF [49].
We use the GF implementation of Pan [82] for this work.

TABLE I Standard Deviations for Added Pink and White Gaussian Noise

TABLE II Scales and Standard Deviations for Added RTN

TABLE III Optimal Parameter Ranges of the Filters for the Artificial and
Experimental Datasets

G. ROLLING GUIDANCE FILTER
The RGF by Zhang et al. [52] constitutes an iterated version
of the joint BF [83] and uses a guidance image to compute
the range weights wr. In the beginning, the guidance image
is constant. For the next iterations, the guidance image orig-
inates from the result of the previous iteration. The iterative
filtering

Jt+1(a) = 1

N(a)

∑
b∈D

I(b) · wd (‖b − a‖)

· wr(Jt (b) − Jt (a))

comprises a normalization value N(a) and weighting func-
tions wd and wr such as in the BF.

The free parameters are the number of iterations and σd
and σr of the joint BF. However, Zhang et al. stated that the
pixel values only change slightly after ten iterations. Thus,

5500119 VOLUME 3, 2022



Fleitmann et al.: NOISE REDUCTION METHODS FOR CHARGE STABILITY DIAGRAMS OF DOUBLE QUANTUM DOTS Engineeringuantum
Transactions onIEEE

TABLE IV Runtime and Parameter Determination for Different Filters

We rate the mean runtime from up to 0.1 S (+),
up to 0.4 S (0), up to 2 S (-), and up to 12 S
(–). The rating for parameter determination
ranges from no parameter (++), to only one pa-
rameter (+), to one variable and one constant pa-
rameter in our evaluation (o), and to two or more
parameters (-).

we fix the number of iterations to ten and use their imple-
mentation [84] for further investigations.

H. TOTAL VARIATION DENOISING
The TV denoising filter, developed by Rudin et al. [58],
minimizes a cost function. In the optimization problem

arg min
Î∈BV(�)

‖Î‖TV(�) + μ

2

∫
�

(Î(a) − I(a))2da

the first term denotes the TV of the smoothed image Î, in-
dicated by the TV seminorm ‖ · ‖TV(�) over the domain �.
The second term ensures that the solution to the optimization
problem is close to the observed noisy image I [85]. The so-
lution’s search space comprises all bounded variation images
BV(�), and the parameter μ affects the balance between
removing the noise and preserving the signal content.
Using the L1 norm instead of the L2 norm in the sec-

ond term results in a better outlier rejection [86]. One can
solve this so-called TV-L1 problem with the primal-dual al-
gorithm [87].
We use the TV-L1 implementation of Lourakis [88] that

requires μ and the number of iterations for the primal-dual
algorithm as input parameters.

I. BLOCK MATCHING AND 3-D FILTERING
With their BM3D, Dabov et al. [72], [89] combined the the-
ory behind NLM and wavelet transform-based denoising.
The filter splits up into two steps. First, it computes a ba-

sic estimate for the denoised image used afterward, together
with the noisy image, to generate a final estimate.
The first step in both estimation processes, called group-

ing, looks for similar image fragments (blocks) in the noisy
image and groups them into 3-D data arrays (groups). Addi-
tionally, this step forms the second set of 3-D groups from
the basic estimate for the final estimate.

FIGURE 4. (a) Second-order derivative of a blurred (Gaussian filtered)
CSD and (b) its 42nd row (orange) together with the second-order
derivative of the original version (blue). In the manually marked edge
region (green area), the second-order derivative effectively indicates the
sharpness of the edge. The second-order derivative is not used for edge
detection here.

The next step for the basic estimate is collaborative hard
thresholding. It comprises a 3-D transformation, in our case
separated into a 2-D transformation with the biorthogonal
(bior) 1.5 wavelet and a 1-D transformation with the Haar
wavelet, applied to the groups and subsequent hard thresh-
olding of the transformation coefficients. Then, it computes
an estimate of all grouped blocks by inverting the 3-D trans-
formation. These steps are similar to the computation of the
final estimate. However, collaborative Wiener filtering is ap-
plied here to the groups of the noisy image using the energy
spectrum of the basic estimate.
Finally, the potentially overlapping blockwise estimates

are aggregated to pixelwise estimates via a weighted average
in both steps.
In this process, several parameters play a role. Neverthe-

less, Dabov et al. propose parameter sets for various use
cases and noise intensities [72]. For our application, we use
the standard profile in the implementation of Mäkinen et al.
[90]. It only requires the standard deviation of the noise,
which we assume to be unknown and, thus, feeds into the
parameter optimization process.

J. SURESHRINK
The SureShrink filter (SS), developed by Donoho and John-
stone [66], assumes that most image information is present in
the highest wavelet transform coefficients. Thus, it shrinks or
even removes the lowest coefficients associated with noise. A
threshold chosen to minimize the mean squared error (mse)
between the original and noisy image steers this process. For
this, the algorithmminimizes the stein unbiased risk estimate
(SURE) [91].
The required parameters for this algorithm are the wavelet

type, the number of levels for the wavelet decomposition,
and the standard deviation of noise in the image, which we
estimate as twice the noise estimated by Donoho’s noise es-
timator [65]. For the evaluation of the SureShrink filter (SS),
we select the implementation by Verma [92].

III. EVALUATION MEASURES FOR THE FILTER RESULTS
To evaluate the performance of the filters in our application,
we use two approaches. The first approach works with
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FIGURE 5. Boxplots of the filters’ PSNR and SSIM results for artificial datasets with (a), (c) distinct and (b), (d) indistinct edges.

FIGURE 6. Results for artificial CSD with high-contrast edges and
σp = 0.001 and σw = 0.002. (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD. (f)
GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS. (k) TV.

FIGURE 7. Results for an artificial CSD with low-contrast edges and
σp = 0.0005 and σw = 0.0005. (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD.
(f) GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS. (k) TV.
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FIGURE 8. Results for an artificial CSD with high-contrast edges and
σp = 0.0005, σw = 0.0005, and RTN. (a) Original. (b) BF. (c) TF. (d) NLGC.
(e) AD. (f) GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS. (k) TV.

generated artificial data that provide the evaluation’s ground
truth, allowing us to apply full-reference quality metrics. The
second approach directly evaluates the filters’ performance
on the measured data via noise reduction and edge sharpness
measures.
We choose the evaluation metrics based on the assumption

that the filtered CSDs are used mainly for the detection of
transition lines. Extracting the position of the lead transitions
is the most important aspect here. Thereafter, one can derive
the location of triple points and interdot transitions, which
are often smoother. Lead transitions mainly smear out if the
temperature is too high, but then the quantum dot systemwill
not be operable anyway. Thus, the use of a sharpnessmeasure
constitutes a suitable evaluation metric.
This section explains the artificial data generation and in-

troduces the used quality metrics.

A. GENERATION OF ARTIFICIAL DATA
First, we generate reference images by mimicking the char-
acteristics of experimental data.1 They include the typical
honeycomb-like structure as well as linear progressions that

1Ongoing work focuses on model-based simulation of CSDs with addi-
tional distortions that we plan to make publicly available.

FIGURE 9. Results for an artificial CSD with low-contrast edges and
σp = 0.000125, σw = 0.000125, and RTN. (a) Original. (b) BF. (c) TF. (d)
NLGC. (e) AD. (f) GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS. (k) TV.

are visible inside the different electron occupation regions
and result from drifts in the sensor dot. Moreover, the size
of the honeycombs changes with the occupation of the quan-
tum dots, and the boundaries can be distinct or diffuse. Pro-
nounced structures are especially beneficial to evaluate the
edge preservation capability of the different filters.
Then, we add noise with different characteristics to the

generated reference images. Darulova et al. [11] stated that
the charge stability diagrams of GaAs double quantum dots
contain six different noise types: white noise, 1/ f noise, ran-
dom telegraph noise (RTN), charge fluctuations on gates,
low-frequency current modulations, and pinch-off current
modulation. The latter two only affect the edges’ sharpness
that we already considered. Charge fluctuations due to de-
fects in the semiconductor and latching due to too small
measurement time or too small tunnel coupling result in a
displacement of the transition lines in one of the CSD’s axes.
In ourmeasured data, these artifacts do not play a role, but the
algorithms under consideration will treat them as sharp edges
without correcting the artifacts. This behavior is desired as
these artifacts result from faulty hardware or bad measure-
ment setup and, thus, should be detected before extracting the
charge transitions in the CSDs. We add the remaining three,
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FIGURE 10. Boxplots of the filters’ (a) RSC and (b) RES results. For a better resolution of the differences, some outliers were removed.

FIGURE 11. Visual results for a measured CSD (GL1; compensated gates)
with high-contrast edges (dataset GL1-09 in Table V). (a) Original. (b) BF.
(c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS. (k) TV.

RTN, white Gaussian, and 1/f Gaussian noise, with varying
strengths to the artificial data.
Using the noise estimator by Immerkær [79], we calculate

a guess for the total noise strength from the noise estimates’
mean of experimental data. From this, we derive different
standard deviations for the 1/ f noise (σp) and choose the
standard deviations for the white noise (σw) as 0.5, one,
and two times σp (see Table I). In that way, we apply nine
different noise combinations per picture.

FIGURE 12. Visual results for a measured CSD (GL1; compensated gates)
with intensive Gaussian noise (dataset GL1-12 in Table V). (a) Original.
(b) BF. (c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h) BM3D. (i) NLM. (j) SS.
(k) TV.

Even though specific algorithms might better remove
RTN, it is of interest how the edge-preserving filters deal
with it. Thus, we further create a dataset by adding RTN to
the artificial data already containing white and 1/ f noise. We
use [93] for its generation with equally distributed scales and
standard deviations (σrt ), as depicted in Table II.
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FIGURE 13. Visual results for a measured CSD (GL1; uncompensated
gates) with low-contrast edges and intensive noise (dataset GL1-14 in
Table V). (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h)
BM3D. (i) NLM. (j) SS. (k) TV.

B. FULL-REFERENCE QUALITY METRICS
For the artificial datasets, we apply two full-reference quality
metrics. The peak signal-to-noise ratio (PSNR) is computed
by

PSNR = 10 · log10
(
MAX2

I

mse

)

with mse = 1

N

∑
a∈D

[
I(a) − Î(a)

]2

where N denotes the number of pixels, Î the filtered image,
andMAXI the maximum pixel value observed in the images.
It performs well on judging noise components [94], [95] but
poorly reflects the visual quality. Thus, images with different
distortions may have the same mse [96]. Therefore, we also
apply the structural similarity index measure (SSIM) [97].
It primarily considers structural changes but also luminance
and contrast masking terms.

C. QUALITY METRICS FOR MEASURED DATA
Optimizing the filter parameters for measured data requires a
suitable metric. Unfortunately, due to missing ground truth,

FIGURE 14. Visual results for a measured CSD (GL1; uncompensated
gates) with low-contrast edges and low noise (dataset GL1-21 in
Table V). (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h)
BM3D. (i) NLM. (j) SS. (k) TV.

full-reference metrics are not applicable. Therefore, we in-
troduce our own quality metrics for noise reduction and edge
sharpness.

1) MEASURE FOR REDUCTION OF NOISE
We define the reduction of noise by the relative standard
deviation change (RSC)

RSC = σnoise(I) − σnoise(Î)

σnoise(I)

where σnoise represents the noise’s standard deviation of the
original image I or the filtered image Î, estimated with Im-
merkær’s method [79].

2) MEASURE FOR EDGE SHARPNESS
Contrary to the first derivative, the second derivative’s mag-
nitude can significantly identify edge sharpness (see Fig. 4).
Accordingly, our edge sharpness measure

ES(I) = |(I ◦ me) ∗ D2|
evaluates the mean of the second derivative via a Laplace
filter D2 only at edge regions me we marked manually. This
procedure allows us to safely define the edge regions and to
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FIGURE 15. Visual results for a measured CSD (GL2; uncompensated
gates) with low-contrast edges and low noise (dataset GL2-08 in
Table VI). (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h)
BM3D. (i) NLM. (j) SS. (k) TV.

improve the sensitivity of the metric. However, by addition-
ally excluding the lower 10% of the second-derivative values
from averaging, we disregard pixels that probably still belong
to noise or background drifts.
Finally, the relative edge sharpness (RES)

RES = ES(Î) − ES(I)

ES(I)

compares the edge sharpness in the original image I and the
filtered image Î. We only incorporate the preserved transi-
tions into the computation to maintain comparability. Nega-
tive RES values indicate blurred edges; positive values indi-
cate sharpened ones.

IV. EVALUATION OF THE FILTERING RESULTS
To ensure the best performance of each filter and, thus, com-
parability, we optimize the filters’ parameters for every im-
age individually, as described in Section IV-A. Sections IV-B
and IV-C comprise the quantitative and qualitative evalu-
ation of the filters’ results by suitable metrics and visual
assessment.

FIGURE 16. Visual results for a measured CSD (GL2; uncompensated
gates) with medium-contrast edges and low noise (dataset GL2-02 in
Table VI). (a) Original. (b) BF. (c) TF. (d) NLGC. (e) AD. (f) GF. (g) RGF. (h)
BM3D. (i) NLM. (j) SS. (k) TV.

A. OPTIMIZATION OF FILTER PARAMETERS
In the optimization process, we use the PSNR for the artificial
data and the sum of RSC and RES for the experimental data.
As the incorporated Nelder–Mead algorithm [98] performs
a minimum search, we adapt the quality metrics by negating
them. For restricted parameters, such as λ of the AD, we use a
bounded version of the Nelder–Mead algorithm [99]. In gen-
eral, the SS performs best if using the bior 2.2 wavelet. The
observed increased RES appearing with the discrete Meyer
(dmey) wavelet results from pixelating artifacts.
Table III summarizes the optimal range for each parameter

of the different filters.

B. EVALUATION FOR ARTIFICIAL DATA
We evaluate the filters’ performance on the artificial datasets
by metrics and visual appraisal. Fig. 5 shows the quality
metric results for the datasets disturbed with pink and white
Gaussian noise and Fig. 17 additionally interfered with RTN.
Figs. 6–9 supplement these metrics by the filters’ visual
impact on exemplary CSDs with high- and low-contrast
transitions.

1) PINK AND WHITE GAUSSIAN NOISE
For the high-contrast case [see Figs. 5(a) and (b) and 6], the
BM3D performs best in terms of noise suppression and struc-
ture preservation metrics, whereas the TV and SS score the
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lowest quality results. Nevertheless, the other filters predom-
inantly show promising results. However, the BF, TF, andAD
visually blur edges more heavily, whereas the NLGC and GF
maintain the noise in homogeneous areas but only slightly
reduce the transition lines’ visibility. The RGF accentuates
high-contrast edges but lowers weak ones, as visible in the
upper right corner of the CSD.
For the low-contrast case [see Figs. 5(b) and (d) and 7],

the PSNR features an overall increased level as it tends
to be less sensitive due to the lower high-frequency parts.
Compared to the high-contrast case, especially the SSIM is
less capable of revealing significant differences for the best
filters. Nevertheless, the overall rating is similar. If intensive
noise corrupts the CSDs, most filters visually remove it well
but blur the edges heavily. In contrast, only the NLGC, GF,
and SS exhibit shortcomings in noise removal but in return
maintain edges relatively well.

2) ADDITIONAL RANDOM TELEGRAPH NOISE
The filters’ quality metric results (see Fig. 17) with addi-
tional RTN differ from the results in Section IV-B1 mainly
concerning the distributions’ spread and mean’s offset, but
the assessment of the filters is similar. Thus, we refrain from
discussing the values here again and only point out the filters’
capability of suppressing RTN.
For datasets with high-contrast edges, the RGF, TV, and

BM3D remove the RTN well (see Fig. 8). Only the BM3D
leaves some single bursts in a few datasets. The SS, NLM,
and BF keepmuch of the RTN and the NLGC leaves it visible
near edges. The other filters treat the bursts like real edges
and, thus, blur them similarly.
For indistinct edges, the NLGC, SS, and NLM cannot

remove the RTN. The other filters considerably smudge
the CSDs’ contours but also leave smeared bursts visible
sometimes.

C. EVALUATION OF EXPERIMENTAL DATA
We quantitatively study the quality of the different filters on
the experimental data using the RES and RSC metrics. For
visual appraisal, Figs. 11–16 show the filters’ performance
on characteristic CSDs.

1) METRIC RESULTS
Fig. 10 depicts themetrics’ results for all selected experimen-
tal data. Therein, the RGF followed by the BM3D stand out
due to their high capability of shaping distinct edges while ef-
fectively reducing noise. Furthermore, the NLGC, NLM, BF,
and TF perform fair. This also holds, with small drawbacks,
for the AD and GF, whereas the SS and TV underperform.

2) VISUAL APPRAISAL OF CSDS FROM GATE LAYOUT 1
The CSDs in Figs. 11–14 contain measurements using GL1
with (see Figs. 11 and 12) or without (see Figs. 13 and 14)
virtual gates for cross talk and background disorder potential

compensation [8]. The compensation results in axis-parallel
transitions with improved contrast.
Not taking RTN into account, nearly all filters remove

noise and preserve edges if compensated CSDs feature a
high contrast (see Fig. 11). However, the AD, RGF, and
TF tend to blur some transitions and the AD and RGF
additionally produce staircase artifacts at some different
borders. For compensated CSDs with intense Gaussian-like
noise, the BM3D works remarkably fine, but the NLM also
achieves a good result (see Fig. 12). All other filters cannot
eliminate the noise effectively and often impair the edge
sharpness.
Uncompensated CSDs from GL1 comprise low-contrast

transitions and more decisive background disorder potential
shifts that hinder the filters’ ability to remove the noise.
However, the BM3D still eliminates intensive Gaussian-

like noise fine and preserves the edges well (see Fig. 13).
Although the NLM, which worked well for the compensated
CSDs, erases the noise, it blurs the edges heavily. All the
other filters cannot remove the strong noise sufficiently.
For uncompensated scans with low-level noise (see

Fig. 14), the filters either blur the boundaries or do not ef-
fectively remove the noise. If any, only the BF, GF, RGF, and
NLM slightly improve the CSDs. Overall, this reveals the
challenging task for this kind of measured datasets.

3) VISUAL APPRAISAL OF CSDS FROM GATE LAYOUT 2
The CSDs for GL2 (see Figs. 15 and 16) contain considerable
background disorder potential shifts, and the transition lines
are less distinct.
Overall, the noise reduction for the low-contrast CSDs

from GL2 is lower as it is more challenging to maintain the
edges. There are onlyminor differences between the different
filter results, and the improvement of the original datasets is
poor. The NLGC and the RGF generate predominantly ho-
mogeneous backgrounds and very sharp edges, but the latter
tends to staircase effects sometimes (see Fig. 15). All other
filters also reduce noise but create slightly blurrier edges,
avoiding staircase effects at the same time. However, the
quality differences of the filters are less significant than for
datasets from GL1.

4) RANDOM TELEGRAPH NOISE
RTN manifests itself in the measured or filtered CSDs as
horizontal stripes (see Figs. 11 and 14). Dedicated supple-
mentary algorithms can improve the quality of its removal.
Being worth mentioning, some edge-preserving smoothing
filters remove this type of noise in our data already well.
Primarily, this is valid for the NLGC, RGF, and TV. Also, the
BF, TF, AD, and GF usually remove the bursts successfully.
However, a supplementary burst removal algorithm would
be helpful, especially for images where the strengths of the
edges and the RTN are at similar scales.
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FIGURE 17. PSNR and SSIM values for artificial datasets with distinct and indistinct edges and additional burst noise.

TheBM3D,NLM, and SS leavemuchRTN in the datasets.
Although, for the BM3D, this might result from the parame-
ter determination algorithm, this filter removes RTN well for
the artificial data.

D. PARAMETER DETERMINATION AND RUNTIME
BEHAVIOR
One important aspect of automated tuning is the determi-
nation of suitable filter parameters without human interac-
tion. In this regard, the BM3D has the advantage that it only
requires the standard deviation of the noise in the experi-
mental data, which might be extracted by a noise estimator
(here [79]). Usually, the measured noise reduction is slightly
lower in that case, but the visual results are still very similar
to those with optimal parameters. All the other filters re-
quire a strategy for parameter determination without ground
truth.
Furthermore, the runtime of the filters is another critical

aspect for the automated tuning of thousands or millions of
qubits in the future. Being only one part of the transition
detection, this preprocessing step should not be a limiting
factor. Depending on the used method, typical acquisition
times for a 100 × 100 CSD vary between 1 ms (AWG, RF
readout) and 10 s (DAC, dc readout), which gives an indi-
cation for the overall computation time when parallelizing
analysis and the next dataset acquisition. Even though the
implementations and their optimizations are very different,
we can give a runtime assessment based on measured values.
We measured the runtimes for images with size 100 × 100
on a server with an Intel Xeon processor E5-2630 v2 with

2.3 GHz clock frequency. Only the BM3D was executed on
a server with an Intel Core i7-7700 processor with 3.6 GHz
clock frequency. Table IV summarizes the last-mentioned
two aspects in form of a grading appraisal.

V. DISCUSSION AND CONCLUSION
In summary, none of the considered filters achieves a per-
fect result for every measurement. Nevertheless, the BM3D
and the RGF are good candidates for the edge-preserving
noise reduction in CSDs during the automated tuning of
double quantum dots. The BM3D achieves high-quality met-
ric scores and performs very well for datasets with heavy
Gaussian-like noise. Generally, the RGF creates very sharp
edges being helpful for the later detection of the transition
lines in the CSDs. Moreover, it removes RTN, but for solid
Gaussian noise, the results deteriorate. Furthermore, the BF
can attain promising results for datasets with low noise and
high-contrast edges, but these conditions do not appear often.
In conclusion, we suggest introducing the BM3D into the au-
tomated tuning processing pipeline due to its striking quality,
minimal effort for parameter determination, and acceptable
runtime that can be even improved with an optimized im-
plementation. However, if much RTN corrupts the data and
dedicated algorithms have not reduced it before, the BF and
the RGF are also good choices. When taking the scalability
of a quantum computer into account, classical signal and
image processing solutions have the advantage of enabling
a hardware-closer implementation due to lower complexity.
Their robustness is enhanced if one of the above methods
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TABLE V Configurations for the Images for the First Gate Layout

is applied before. However, machine learning methods, of-
ten used in automated tuning, also may benefit from their
use. In general, they do not comprise such dedicated noise
removal mechanisms directly, but we expect an improved
performance when applying these methods to the train-
ing and experimental data before, especially if the training
dataset is small. As the charge stability diagrams of other
semiconductor qubit realizations are similar to those that we
examined in this study, our results are also transferable to
their autotuning process.

APPENDIX A METRIC RESULTS FOR ADDITIONAL
RANDOM TELEGRAPH NOISE
See Fig. 17.

APPENDIX B GATE VOLTAGES AND MEASUREMENT
RANGES FOR CSDS FROM GL1
The gate names for the first layout can be found in Fig. 1(a).
The gates that are swept have voltages between −0.015 and
0.015 and are marked by sweep in Table V.

APPENDIX C GATE VOLTAGES AND MEASUREMENT
RANGES FOR CSDS FROM GL2
The gate names of the second layout can be found in
Fig. 1(b). The gates RFC and RFD are swept and have
voltages between −0.0075 and 0.0075 V. The gates RFA
and RFB do not have any voltage applied. Gate TAB has a
voltage of −0.469978 V, Gate LP a voltage of −0.243076,
and Gate RP a voltage of −0.243076 for all datasets. See
Table VI.
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TABLE VI Configurations for the Images for the Second Gate Layout
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