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ABSTRACT Gate-defined semiconductor quantum dots require an appropriate number of electrons to
function as qubits. The number of electrons is usually tuned by analyzing charge stability diagrams, in which
charge transitions manifest as edges. Therefore, to fully automate qubit tuning, it is necessary to recognize
these edges automatically and reliably. This article investigates possible detection methods, describes their
training with simulated data from the SimCATS framework, and performs a quantitative comparison with
a future hardware implementation in mind. Furthermore, we investigated the quality of the optimized
approaches on experimentally measured data from a GaAs and a SiGe qubit sample.

INDEX TERMS Automated tuning, charge stability diagram (CSD), quantum computing, semiconductor
quantum dots.

I. INTRODUCTION
Tuning the number of electrons in quantum dots (QDs) is es-
sential for creating gate-defined semiconductor quantum bits
(qubits). Two-dimensional charge stability diagrams (CSDs)
reveal a change in the number of electrons, hereafter charge
transition (CT), as an edge in the pixel information (usu-
ally floating-point representation). They can be recorded,
for example, by using the conductance change of a nearby
electrostatically coupled sensor dot or a quantum point con-
tact [1]. The CTs must be detected robustly to realize com-
plete automation of the tuning process. However, considering
scalability, the complexity of the approaches should be mini-
mized. Ultimately, we propose that automated tuning should
be integrated into the cryostat to reduce the wiring prob-
lem (e.g., limited bandwidth and heat dissipation) originating
from the connection of room temperature electronics into the
cryostat [2], [3]. If it is impossible to embed all parts of the
tuning (e.g., space and dissipated heat limitations), primarily
integrating the initial data processing steps can reduce the
amount of data to be transmitted. In particular, knowing only
the binary edge information for individual pixels is sufficient
for analyzing CTs. Therefore, we consider this step an es-
sential candidate for cryogenic hardware implementation and
investigate possible detection approaches, including classical
and machine learning (ML)methods.We used the simulation

framework SimCATS [4] to generate training and test data.
In addition, we analyzed the applicability of the selected
approaches to experimental data.
The rest of this article is organized as follows. In

Section II, we comprehensively introduce state-of-the-art
tuning approaches that use CT detection. Then, we describe
the applied datasets in Section III and the metrics and meth-
ods selected for the evaluation in Section IV. Next, we de-
scribe the selected detection approaches in Section V and
their training in Section VI. In Section VII, we evaluate their
detection quality and, for the ML candidates, the number of
parameters and speed. Finally, Section VIII concludes this
article and presents potential improvements.

II. BACKGROUND
Before tuning the number of electrons in QDs, automated
tuning approaches adjust the QD device to a stable global
configuration of known topology in the state space with a
known number of charge islands [5]. In our case, we form a
double quantum dot (DQD) and tune the number of charges
in each dot. A common strategy is to empty the QDs (unload-
ing phase) and then reload the desired number of electrons on
each (reloading phase). This procedure requires identifying
CTs in the CSDs, as the exact number of charges cannot be
sensed directly [5]. Subsequently, fine-tuning of couplings
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between multiple dots is typically performed. Different au-
thors used classical image processing and different kinds of
ML methods for these tasks.
Approaches to tuning qubits to a stable known topology

comprise classical ML methods and deep learning meth-
ods. Darulová et al. [6] used fitting procedures and com-
pared different classical classifiers trained on simulated and
experimental data. The cross-architecture tuning solution
using artificial intelligence [7] uses a Gaussian process
model of the gate voltage hypersurface and a random clas-
sifier iteratively to tune multiple parameters at once. The
proposed approach was demonstrated on three device ar-
chitectures and material systems. Deep learning methods
for this task use proprietary convolutional neural networks
(CNNs) [8], [9], [10], [11] or the AlexNet model [12].
The networks are either trained on simulated data only [8],
[9], [10], [11] or a mix of experimental and simulated
data [12].

First approaches to tuning QDs to a specific charge regime
involved classical image processing. Baart et al. [13] used
template matching (Gabor filter) to identify the most bottom-
left CTs and set voltages slightly above to enter the single-
electron regime. For single QDs, Lapointe-Major et al. [14]
suggested using a modified Hough transform or the EDLines
algorithm. Classical ML methods were proposed by Moon
et al. [15] and van Straaten et al. [16]. Moon et al. [15]
used a probabilistic ML model in an iterative and two-stage
manner to identify candidate locations on the gate voltage hy-
persurface, measure the data therein, and evaluate the trans-
port features. In contrast, van Straaten et al. [16] moved to
hypervolumes and performed a hypothesis (Kolmogorov–
Smirnov) test if the volume contains only noise. If not, a
random walk combined with a score function is employed
to search for DQD features near hypervolumes. The deep
learning approaches for charge regime tuning mainly dif-
fer in CNN models, training data, and data dimensionality.
Durrer et al. [17] used several different CNNs to predict the
presence of CTs in the unloading phase and the presence
and orientation for the reloading phase of a GaAs triple-
QD device operated in the DQD mode. The work of [18]
classifies preprocessed CSD patches (5 × 5 pixel) via an
extremely small feedforward neural network to predict the
presence of CTs and to enable a future network in memristor
arrays. The model was trained on synthetic data and robustly
transferred to experimental data. The physics-informed tun-
ing proposed by Ziegler et al. [19] uses rays rather than
2-D measurements. The method combines the ray-based
classification classifier [20] or a CNN [21] with physics
knowledge to first navigate to the target global state and
then performs ray measurements to tune to the target charge
state.
Fine-tuning tunnel couplings also include proposed meth-

ods from all categories. van Diepen et al. [22] fitted the in-
terdot transition (IDT) sensor signals to a classical anticross-
ing model. Mills et al. [23] established virtual gates before
using the Hough line transform and template matching for

interdot coupling tuning. Similarly, Monical et al. [24] used
a generalization of the Hough transform (Hough anticross-
ing transform) but detected the locations and inclinations of
possible triple points. Teske et al. [25] proposed a classical
ML method by combining Bayesian statistics with adapted
Kalman filtering. The deep learning approach of [26] realizes
an unsupervised generative model that employs variational
autoencoders, consisting of an encoder and decoder both
embodied in a neural network.
The work in [12] and [27] comprises all of the aforemen-

tioned steps [12] or claims to perform fully autonomous tun-
ing to Rabi oscillations [27]. Both methods use deep learning
or Bayesian optimization and computer vision techniques in
the case of [27]. Deep learning has also been used to perform
autonomous measurements [28], [29] or single-shot readouts
of charge and spin states [30].

III. DATASETS
We generated datasets1 for training and evaluating edge de-
tection approaches using our simulation framework Sim-
CATS [4] and used hand-labeled experimental data from the
QuantumTechnologyGroup of RWTHAachen2 to assess the
generalization ability.
Some neural network architectures require image resolu-

tions divisible by a power of 2, e.g., because the resolution
is halved in each encoder step and doubled in the decoder.
With at most five such steps for the investigated models,
we required a resolution divisible by 32. Since the initially
available experimental data from a GaAs sample3 with a QD
employed as sensor dot have a resolution of 100× 100 pixels
(30mV× 30mV), we chose the closest resolution of 96× 96
pixels (28.8 mV × 28.8 mV) to be able to test the networks
later on experimental data.4

We obtained parameter ranges for the SimCATS simula-
tions from the data of the GaAs sample, as described in [4].
Furthermore, we aimed for a diverse dataset to improve the
networks’ generalizability. Therefore, the generation proce-
dure randomly selected all model parameters from the ex-
tracted ranges listed in Table 1. While sampling most values
from a uniform distribution, some parameters that describe
the structure of the total charge transitions (TCTs)5 were
sampled from a normal distribution because this matches
our observations in the experimental data. In addition to the
parameters described in [4], we supply the following param-
eters for the lead-to-dot transitions (LDTs) and IDTs6 of the
ith TCT:

1Using our Python package SimCATS-Datasets [31].
2https://www.quantuminfo.physik.rwth-aachen.de/

cms/quantuminfo/forschung/∼xwpl/quantum-technology-group/
3Similar to the one described in [32].
4The experimental GaAs data were reduced by removing the first and last

two rows and columns.
5TCTs represent the borders between regions of the CSD containing a

fixed number of electrons in the system. The ith TCT separates the regions
containing i− 1 and i electrons.

6An LDT describes a transition between the dot system and the leads and
an IDT describes the tunneling of an electron between two dots.
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TABLE 1. Parameter Ranges for the Simulated Datasets and Their Distributions [Uniform U (a, b), Normal N (μ, σ2), or Exponential exp(λ)]

FIGURE 1. Visualization of parameters used to define the TCTs for the
geometric simulation in SimCATS.

1) the relation between the slopes of the LDT of dot 1
ldti,1 and the LDT of dot 2 ldti,2 (θldi);

2) the relation between the slopes of the IDT idti and ldti,1
(θidi);

3) the length of idti (sidi);
4) the width of idti (widi)

7;
5) the relation between sidi and widi .

Fig. 1 visualizes the various parameters of the used TCT
model, with the TCTs displayed in the 45◦ rotated voltage
space, which is denoted as (V ′

P1,V
′
P2) (see [4, Sect. III.A]).

In anticipation of future improvements in sample quality, we
decided to include lower noise levelsmore often than the very
high levels that are sometimes observed in themeasurements.
Therefore, we used an exponential distribution for these
values.
For normal distributions, we set μ to the center and σ to

a sixth of the range to best represent the distribution in the

7The width of idti defines the rounding at the triple points, which is
controlled by the distance between the Bézier anchors bi, j, ( j=1, 2) (see [4,
Sect. III.A]).

interval. Furthermore, we selected the scale for the exponen-
tial rate to reach the 99% quantile at 60% of the sampling
range. Generally, we resampled parameters outside the given
ranges.
We do not require that the sampled parameters are physi-

cally plausible, as they differ between different samples, and
experimental observations are not necessarily interpretable.
Thus, we expect a more diverse dataset to lead to better
generalization, which also leads to a better technology in-
dependence for the trained models.
The simulated train/validation/test dataset featured 10

000/1000/1000 different TCT and sensor configurations,
each with 100 CSDs generated with randomly sampled
distortion strengths.
The two experimental test datasets consisted of 439

(plunger, plunger) GaAs CSDs and 81 (plunger, barrier)
SiGe8 CSDs. As visible in Fig. 2, the GaAs sample data show
DQD features, and the SiGe data single QD features. They
have a resolution of 96 × 96 pixels (100 mV × 100 mV and
150 mV × 150 mV). We selected the SiGe voltage ranges
to achieve a good balance between microscopic and macro-
scopic features compared with the GaAs data, although we
still observed different properties. Specifically, the CTs are
more blurred, and the spacing between CTs is lower, lead-
ing to more CTs per image. Nearly all SiGe CSDs featured
visible CTs, as the Quantum Technology Group of RWTH
Aachen specifically recorded them for our evaluation.
While the ground truth CT masks for the simulated

datasets are available automatically, we manually generated
masks for the experimental data. Therefore, five researchers
labeled all images manually, and we combined the labels into
a single binary mask afterward to improve the representation
of weak lines. Notably, the SiGe data were more difficult to

8Sample similar as described in [34]
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FIGURE 2. Examples for CSDs of the final evaluation datasets and their corresponding ground truth masks.

label, which resulted in broader line segments for the com-
bined manual labels (see Fig. 2).

IV. METRICS AND EVALUATION METHODS
We used the Dice similarity coefficient (DICE) to compare
the results of the different approaches and assess their quality

DICE = 2|X ∩ Y |
|X | + |Y | .

This metric measures the similarity between the predicted
segmentation mask X and the ground truth segmentation
mask Y . In our implementation, we set the DICE score to
1 in case both masks are empty. The disadvantage of the
DICE score is that it expects pixel-precise segmentation and
severely punishes even misalignments of one pixel. Due to
the manual labeling, we did not expect pixel-precise seg-
mentation of the experimental data. The normalized surface
Dice (S-DICE) score [35] solves this problem by introduc-
ing a class-specific threshold for an accepted segmentation
deviation in the pixel space.
In addition, we measured the inference time of the mod-

els using the CUDA application programming interface be-
cause analysis speed is a crucial factor for a scalable tuning
solution. The inference time specifies the calculation time
required by the neural network for prediction. It does not
include the time required to transfer data into GPU memory,
which is identical for all approaches.
Furthermore, we used the Python package Calflops [36]

to calculate the floating-point operations (FLOPs) and
multiply-accumulate operations (MACs) of the networks.
These values are independent of the hardware used and,
therefore, offer a reasonable estimate of the feasibility of
cryogenic implementation on dedicated hardware.Moreover,
we compared the number of trainable parameters, which
indicates the expected implementation size.

TABLE 2. Collected Approaches, Their Category, Publication Year, and
Code Basis

V. EDGE DETECTION APPROACHES
Table 2 lists the approaches collected, their publication year,
and their code basis.

A. CLASSICAL APPROACHES
1) CANNY
A widely used classical edge detector is the algorithm pro-
posed byCanny [58]. It computes the gradient magnitude and
orientation at each pixel and applies nonmaximum suppres-
sion and subsequent hysteresis thresholding to determine the
edge pixels.
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2) CANNYPF
Lu et al. [59] proposed a parameter-free version of the Canny
edge detector (CannyPF) that was included in the Canny-
Lines line detection method. This method adaptively selects
thresholds based on the distribution of gradient magnitude
values of the image pixels.

3) GENERALIZED CANNY (GCANNY)
As other local image featuresmay bemore robust at detecting
CTs than the gradient, we developed a generalized version
of the Canny edge detector. It uses a general feature map to
replace the gradient magnitude and an optional orientation
map to replace the gradient orientation as its input. After
nonmaximum suppression, it performs an additional step to
connect small gaps in the resulting image. These connec-
tions result from checking for specific patterns of edge and
nonedge pixels within a 4 × 4 window. Finally, it creates a
binary edge map using either binary thresholding or hystere-
sis thresholding. The features phase congruency (PhCon) and
globalized probability of boundary (gPb) [60] are used to
determine the edge strength.
The idea of PhCon rests upon the local energy model

proposed by Morrone and Owens [61], which postulates that
image features become noticeable if the Fourier components
are maximally in phase. In this article, we computed PhCon
using an improved algorithm proposed byKovesi [62], which
applies log-Gabor wavelets rather than Fourier components.
The gPb, proposed byMaire et al. [60], combines different

local image features to create amap of boundary probabilities
and improves it by considering the global feature distribution
afterward.

4) EDGE DRAWING (ED)
ED detects edges by determining the anchor points that are
most likely edge pixels based on their gradient magnitude
and then establishes links between them [63].

B. ML APPROACHES
1) CONVOLUTION-BASED APPROACHES
A widely used ML approach for image processing is using
CNNs. We applied networks developed for edge detection
and segmentation tasks to detect CTs.

a) Cascaded and high-resolution network (CHRNet)
CHRNet [64] detects edges using multiscale representations
of the image while preserving the high resolution of the
output map. Therefore, it concatenates the output of a con-
volutional block with the result of the previous block, uses
batch normalization layers with an active affine parameter
as an erosion operation for the homogeneous region in the
image, and generates the output of the network by fusing the
outputs of each block.

b) Lightweight dense convolutional neural network (LDC)
Several approaches also focus on reducing the network size,
leading to faster prediction and lower hardware require-
ments. One is the LDC [65]. It integrates aspects of the ad-
vanced architectures DexiNed [66] and CATS [67] but is no-
tably smaller due to somemodifications.With approximately
0.7 million parameters, it requires less than 4% of parameters
compared to DexiNed. Despite its reduced size, the LDC
achieves competitive quality compared to more complex sys-
tems. As DexiNed, the LDC consists of layers structured in
blocks. An ablation study comparing the LDC network with
three or four blocks demonstrated that the LDC with three
blocks has approximately 75% fewer parameters but deliv-
ers valuable results [65]. For CT detection, we trained the
versions of LDC with either three (LDC-B3) or four blocks
(LDC-B4).

c) Tiny and efficient edge detector (TEED)
TEED is another lightweight CNN developed for simplicity,
efficiency, and generalization [68]. According to the authors,
with only 58 k parameters, its size is less than 0.2% of the
state-of-the-art models.

d) Deep category-aware semantic edge detection
(CASENet)
CASENet [69] is a CNN architecture based on residual neu-
ral network (ResNet) [70] and a skip-layer architecture in
which categorywise edge activations at the top convolution
layer merge with the corresponding bottom layer features.
It uses fixed fusion weights and bases the decision result
primarily on high-level features.

e) Dynamic feature fusion (DFF)
DFF [71] bases upon CASENet but uses a feature extrac-
tor that normalizes the magnitude scales of multilevel fea-
tures and adaptive fusion weights for different locations of
multilevel feature maps, leading to finer edges.

f) U-Net
A task closely related to category-aware edge detection is
semantic segmentation, which assigns objects in an image
to different categories. U-Net is one of the most popular se-
mantic segmentation networks. It is a fully CNN architecture
consisting of a contracting and an expansive path [72].
In addition to the standard U-Net, we investigated smaller

versions of U-Net architectures with fewer layers and chan-
nels for convolution. Due to their relatively simple architec-
ture, small U-Nets are exciting candidates for hardware im-
plementation. Our tiny version (UNet-38k) has three encoder
and decoder layers (four in the standard U-Net), begins with
six output channels for the first convolution layer (64 in the
standard U-Net), and uses bilinear upsampling.

g) UNet++
UNet++ [73] is a more advanced version of U-Net, which
uses deep supervision to segment medical images. The main
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difference to U-Net is the use of nested and dense skip con-
nections to reduce the semantic gap between the featuremaps
of the encoder and decoder.

h) Feature pyramid network (FPN)
The FPN constructs feature pyramids to detect objects at
different scales at marginal extra cost [74]. Therefore, it
employs a top-down architecture with lateral connections to
build high-level semantic feature maps at all scales.

i) DeepLabV3+
Another semantic segmentation approach is DeepLabV3+
[75]. The proposed method combines spatial pyramid pool-
ing with an encoder–decoder structure, resulting in refined
segmentation results along object boundaries compared to
the predecessor DeepLabV3 [76]. DeepLab approaches gen-
erally deploy dilated filters for “atrous convolutions” and
atrous spatial pyramid pooling to robustly segment objects
at multiple scales [77].

j) LinkNet
LinkNet [78] aims for efficient semantic segmentation by
using an 18-layer ResNet [70] as a light encoder and by-
passing the input of each encoder layer to the output of
the corresponding decoder. Thus, the decoder requires fewer
parameters because it shares the knowledge learned by the
encoder in each layer.

2) TRANSFORMER-BASED APPROACHES
Another neural network type is the transformer, which has
an underlying attention mechanism [79]. While initially de-
signed to process sequential data like text, a variant for im-
age processing named vision transformer (ViT) was devel-
oped [80]. However, somemodels do not directly incorporate
a ViT but use special attention blocks, like MA-Net.

a) Multiscale attention network (MA-Net)
MA-Net [81] uses a self-attention mechanism to integrate lo-
cal features with global dependencies adaptively. Therefore,
positionwise and multiscale fusion attention blocks capture
the spatial dependencies between pixels in an overall view
and the channel dependencies between feature maps.

b) Segmenter
Segmenter [82] uses a ViT as the encoder and employs two
decoder variants for semantic segmentation. The decoder is
either an ordinary linear layer or a novel mask transformer,
which is a transformer encoder with multiple layers. The
results presented later in this article use the second option
because it performs better on our validation dataset.

c) SegFormer
SegFormer [83] uses a modified ViT as an encoder with a
hierarchical structure without positional embedding. The de-
coder is a lightweight multilayer perceptron that aggregates
information from different spatial resolution features arising

from the hierarchical structure to combine local and global
attention.

d) Edge detection TransformER (EDTER)
EDTER [84] combines a transformer-based encoder and
convolution-based decoder to extract precise sharp object
boundaries and meaningful edges. It simultaneously exploits
the complete contextual information of the image and de-
tailed local cues by operating in two stages. The first stage
(EDTER-Global) uses the encoder part of a ViT with coarse
image patches, and the second stage uses a modified local
ViT encoder with finer image patches. Both stages use a
bidirectional multilevel aggregation decoder, and a feature
fusion module combines their results before being fed into a
final decision head.

e) Mini-mobile vision transformer for segmentation
(MMViT-Seg)
MMViT-Seg [85] is a lightweightmodel inwhich the encoder
subnetwork is a two-path design that effectively captures
the global dependence of image features and low-layer spa-
tial details. Therefore, it uses convolutional and MobileViT
blocks and a multiquery attention module to fuse multiscale
features from different levels in the decoder subnetwork.

f) CrackFormer
CrackFormer [86] combines a SegNet-like [87] encoder–
decoder architecture with self-attention. It replaces all con-
volutional layers (except the first and last) with self-attention
blocks and implements a feature fusion module that com-
bines the features from each encoder–decoder stage using
self-attention. Each self-attention block consists of two con-
volution layers, followed by a batch norm and a rectified
linear unit activation function, with a self-attention layer in
between.

g) TransUNet
TransUNet [88] combines the general concepts of the U-
Net architecture with a transformer. Although U-Net is ef-
fective in local feature detection, its ability to model long-
range dependencies is weak. In contrast, transformers have
an innate global self-attention mechanism but only limited
localization capabilities due to insufficient low-level details.
TransUNet combines these two architectures using a CNN-
Transformer-Hybrid for the encoder and convolutional layers
in the decoder. Thus, each of one’s strengths overcomes the
weaknesses of the other.

h) Swin-Unet
Swin-Unet [89] also combines the properties of the tradi-
tional U-Net’s U-shaped architecture and skip connections
with a pure transformer encoder architecture. The proposed
method uses Swin transformers [90], a variant of ViTs [80],
for the encoder and a Swin-transformer-based decoder with
patch-expanding layers to upsample features during the
expansive path.
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TABLE 3. Training Hyperparameters of the Collected ML Approaches, Which are Sorted by Detector Name

3) STATE-SPACE-MODEL-BASED APPROACHES
State-space models are an alternative to transformers for
processing long sequences [91].

a) Vision Mamba UNet (VM-UNet)
VM-UNet [92] uses such a state-space model. Like Swin-
Unet, it incorporates the architectural benefits of U-Net and
nonconvolutional layers. Instead of building upon ViTs or,
more specifically, Swin transformers, it builds upon visual
state-space models (VMambas), a recent architecture that
combines a global receptive field with linear complexity.

4) DIFFUSION-BASED APPROACHES
Diffusion models learn forward and reverse diffusion and are
often used for image denoising, image inpainting, and im-
age generation. Therefore, forward diffusion usually involves
adding Gaussian noise to the original image, and reverse dif-
fusion inverts that diffusion process, thereby reconstructing
the original image.

a) Diffusion probabilistic model for crisp edge detection
(DiffusionEdge)
DiffusionEdge [93] is a diffusion probabilistic model (DPM)
for the general task of edge detection. The authors claimed
that they avoided expensive computational resources and re-
tained the final performance by applying a DPM in the latent
space. Thus, they enabled the classic cross-entropy loss to
optimize parameters in the latent space. In addition, they
adapted a decoupled architecture to speed up the denoising
process and proposed an adaptive Fourier filter to adjust
the latent features of specific frequencies. This combination
should result in very accurate and crisp edge maps.

b) Medical image segmentation with diffusion probabilistic
model (MedSegDiff)
MedSegDiff [94] is a DPM for general medical image seg-
mentation. It uses a modified U-Net with conditional encod-
ing and a feature frequency parser in the reverse diffusion
stage. The dynamic conditional strategy enables stepwise
attention, and the feature frequency parser eliminates the
high-frequency noise introduced by the former.
MedSegDiff-V2 [95] improves MedSegDiff [94] by intro-

ducing ViT mechanisms into the DPM. It uses convolutional
U-Nets as feature extractors but combines features using a
transformer.

VI. TRAINING
Where applicable, we trained the networks using the original
publication’s optimizers, schedulers, loss functions, and hy-
perparameters. In addition, we trained the networks using a
combination of the AdamW optimizer and the OneCycleLR
scheduler (implemented in torch.optim [96]), which is
the de facto state-of-the-art superconvergence method pro-
posed in [97]. In this case, the loss function consists of a
combination of BCEWithLogitsLoss (implemented in
torch.nn [96]) and DICE loss. Subsequently, we eval-
uated the training results of the networks on the vali-
dation dataset described in Section III and selected the
best training checkpoint for final comparison. Table 3 pro-
vides an overview of the hyperparameters used to train
the final checkpoint for comparison. Classical approaches,
except for gPb+GCanny, were optimized using differen-
tial evolution implemented in Scipy. For gPb+GCanny, we
used a simple grid search because only one parameter was
optimized.
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TABLE 4. Size of the Neural Networks and Their Inference Time, FLOPs, and MACs

FIGURE 3. Bar plot visualizing the results from Table 5. For each detector, the solid portion of the bar represents the DICE score, while the
semitransparent extension indicates the corresponding S-DICE score. The detectors are arranged in accordance with their DICE score on simulation data,
which is consistent with the ordering in Table 5.

VII. EVALUATION
We evaluated the collected approaches from Section V on
the test sets described in Section III using the methods from
Section IV.
Table 4 lists the number of parameters, the inference times,

the FLOPs, and the MACs of all ML models. There are
only four candidates with less than one million parameters.
Of those, especially UNet-38k and TEED are very small,
with 38 041 and 58 622 parameters, respectively. In addition,

both are primarily based on convolutions and have a rela-
tively simple network structure, whichwe consider beneficial
for hardware implementation. The inference times for sin-
gle images (batch size 1) significantly differed between the
approach categories. The fastest approaches were from the
convolution-based and the slowest from the diffusion-based
category. In particular, DiffusionEdge and MedSegDiff-V2
are highly time-consuming and, therefore, are less applica-
ble to scalable tuning solutions. Notably, tiny networks do

5500414 VOLUME 6, 2025



Hader et al.: AUTOMATED CHARGE TRANSITION DETECTION IN QUANTUM DOT CHARGE STABILITY DIAGRAMS Engineeringuantum
Transactions onIEEE

FIGURE 4. Exemplary predictions on the test datasets along with their corresponding DICE and S-DICE scores. The examples were chosen to encompass
a broad spectrum of cases. The top two rows present simulated data. The upper row corresponds to a sensor dot positioned on the flank of a Coulomb
peak, within the regime of optimal charge sensitivity. The lower row illustrates a case where the sensor dot resides in a less favorable operating regime.
The GaAs measurements display two illustrative cases: the upper panel features pronounced CTs superimposed with strong random telegraph noise,
which manifests as a spurious linear feature that must not be misinterpreted as a CT; the lower panel exhibits only faintly discernible CTs. The SiGe data
show single QD features with variations in both the angular orientation and sharpness of the CTs.

not fully utilize the GPU and enable even more predictions
when multiple such models run in parallel. In a scalable fully
automated tuning setup, a CT detector could analyze CSDs
of multiple different qubits at the same time. Therefore, we
recorded inference times for a batch of 64 images. The given
numbers of FLOPs and MACs depend on the number of
parameters and the architecture. From the results in Table 4,
we see that small CNNs require fewer FLOPs and MACs
than other architectures or convolutional networks with more
parameters.

Table 5 summarizes the achieved metrics, sorted by the
DICE score for simulated data and the S-DICE score for
experimental data. In addition, Fig. 3 provides a visualiza-
tion of the metrics, sorted by the DICE score achieved on
simulated data. The ML approaches have a clear advantage
over classical methods for all test datasets. Regarding the
simulated data, U-Net-based architectures performed best
(top 5), but, in general, many approaches achieved convinc-
ing results. Remarkably, the small UNet-38k scored a DICE
score above 0.9. In the group of classical methods, only Ph-
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TABLE 5. Metrics Calculated for All Detectors on the Three Test Datasets

Con+GCanny was barely usable, scoring an S-DICE score
of 0.62. Notably, the global part of EDTER outperformed
the entire algorithm. Due to the necessary adaptation of the
global patch size (from 16 to 8) to our small image resolution
(96 × 96 pixels), the cues of the local stage (patch size of
4) became too similar to the global ones, which resulted in
loss of global information. The results obtained on the GaAs
dataset provide a good measure for the approaches’ gener-
alization ability from simulated to experimental data. Our
simulated data originate from GaAs parameter ranges; thus,
we expect similar scores for promising methods. Because of
the uncertainty of manual labels, we used the S-DICE score
for comparison. Again, U-Net-based architectures scored the
best (four out of the top five). DeepLabV3+ is unable to
perform pixel-perfect segmentations, as its S-DICE score is
considerably better than its DICE score on the simulated
data. The proposed UNet-38k anew achieved good results
(S-DICE score above 0.89). Again, only PhCon+GCanny
achieved usable results for the classical approaches, which
were even better than those for the simulated data.
With the SiGe dataset, we analyzed the edge detection

capabilities using an entirely different qubit sample
architecture and material. As expected, this dataset’s
mean S-DICE score is lower, because of the fairly different
feature properties described in Section III. Surprisingly,
U-Net-based architectures no longer perform best; in
particular, the original U-Net architecture is deteriorating.
This indicates overfitting to double-dot features that are not
present in the SiGe data. At the same time, Segmenter and

LDC performed more robust than their competitors. Again,
we observed competitive results for the UNet-38k (S-DICE
score above 0.71), indicating that overfitting was not present,
presumably because of its reduced capacity to learn more
complex structures. All the classical approaches achieved
poor results on the SiGe data because of blurrier transitions.
To summarize, we consider many approaches to have

good overall analysis capabilities. Among the classical ap-
proaches, PhCon+GCanny is the only approach that deliv-
ered valuable results. The best convolution-based approach
appears to be U-Net, which performed poorly on the SiGe
data.9 Surprisingly robust and efficient, the scaled-down
UNet-38k approach did not cause problems with the SiGe
data. Swin-Unet emerged as the best approach among the
analyzed transformer models. The state-space model ap-
proach VM-Unet also detected CTs robustly. Only diffusion
networks are unsuitable for our application because they are
too complex for energy-efficient hardware implementation
and demonstrated poor metrics in our analysis. Fig. 4 shows
exemplary predictions of the best representatives of the
respective approach categories. Although PhCon+GCanny
provided useful predictions for some images, it is very sus-
ceptible to distortions and the properties of the CT features.
The ML approaches did not noticeably differ in their simu-
lated and GaAs data predictions. Apparent differences were
only visible when generalizing to the SiGe data. For example,

9The poor performance on SiGe data is explained with overfitting, which
can be avoided as shown with UNet-38k.
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U-Net demonstrated significant gaps in the predicted edges,
whereas UNet-38k performed considerably better, and
Swin-Unet worked the best.

VIII. CONCLUSION
In this study, we evaluated various classical and ML ap-
proaches for detecting CTs in CSDs using simulated data
from the SimCATS framework. Our focus was on the search
for suitable approach categories for robust detection with
potential for future qubit-near hardware implementation.
We subdivided the ML-based approaches into convolu-

tion-, transformer-, state-space-model-, and diffusion-based
approaches to analyze the abilities of different architec-
tures. The analysis of the detection metrics has shown that
ML-based approaches are far superior to their classical com-
petitors. All investigated ML architecture categories fea-
tured valuable candidates except for the diffusion-based ap-
proaches. The results demonstrate that approaches trained
on our simulated dataset can generalize to experimental
data.
We recommend convolution-based architectures for hard-

ware implementation due to their low complexity and con-
vincing detection results. Furthermore, we emphasize the
possibility of creating smaller versions of networks that
still have sufficient detection ability, as demonstrated with
UNet-38k.
For experiments unconstrained by computational limita-

tions or strict energy efficiency requirements, we recom-
mend Swin-Unet, which consistently achieved top-tier per-
formance across all evaluated datasets.
Future research should investigate further tiny versions

of convolution-based networks, e.g., using neural architec-
ture search [98], [99] and hyperparameter optimization [100]
techniques. In addition to network size, a reduced data repre-
sentation rather than 32-bit floating-point numbers is prefer-
able for energy-optimized hardware implementations. The
test dataset is available for benchmarking [101]. Further-
more, dedicated analysis hardware must prove its applicabil-
ity via in-field tests at cryogenic temperatures. In this context,
specialized hardware components like memristor crossbar
arrays should also be considered [18].
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