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Defect spin qubits in silicon carbide have recently drawn widespread attention. Extraction of spin infor-
mation in the presence of noise always requires multiple repeated measurements, which consumes a large
amount of time resources. In this paper, we propose a deep-learning-enhanced method to extract effec-
tive parameters from continuous-wave optically detected magnetic resonance (ODMR) spectra and Rabi
oscillations with less time consumption. Even if the signal-to-noise ratio is reasonably low, a well-trained
convolutional neural network (CNN) can predict the resonance peaks of ODMR spectra or the period of
Rabi oscillations. Because of the fast output of predictions by the CNN, this method can be used to sense
the magnetic field in the environment and microwave intensities in real time.
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I. INTRODUCTION

Spin defects in silicon carbide (SiC) with near-infrared
emission and a long spin coherence time have drawn
much attention [1–13]. Compared with diamond, there are
mature wafer-scale-fabrication and microprocessing and
nanoprocessing techniques for SiC materials, and defect
spin qubits can be integrated into chips with relatively low
cost and high compatibility [14,15]. However, due to the
finite photon count rate of a single spin defect, multiple
repeated measurements are always necessary to obtain a
high signal-to-noise ratio (SNR), even for spin defects with
a relatively high spin-readout contrast. With fewer mea-
surements, the SNR drops, and the spin signal may even
become submerged in the noise, such as in the case of the
optically detected magnetic resonance (ODMR) spectrum
[16] and Rabi oscillations [17]. Fortunately, effective infor-
mation derived from the spin signal still exists and can be
extracted using a deep-learning method. Deep learning is
part of a broader family of machine learning (ML) based
on large amounts of data, named “big data.” Deep learn-
ing can allow us to catch sight of effective information
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and a corresponding fitting function, and has been widely
used in computer vision, speech recognition, and natural-
language processing. Recently, ML methods have been
widely used in quantum precision measurement, in quan-
tum control and single-shot readout of nitrogen-vacancy
(N-V) centers in diamond [18], in rapid classification
of quantum photon sources [19], and in nuclear mag-
netic resonance [20]. ML-enhanced single-spin readout of
N-V centers is achieved by combining Bayesian estimation
and Hamiltonian learning to learn parameters in Ramsey
sequences [21]. In this paper, we propose and demonstrate
a deep-learning-enhanced method to extract spin signals
directly from the ODMR spectrum or Rabi oscillations
using well-trained deep neural networks.

The aim of the work presented here is to extract spin
information from inferior raw data with a reasonably low
SNR via a convolutional neural network (CNN) [22]. A
brief introduction to CNNs is presented in Appendix A.
Specifically, we experimentally generate a large number
of ODMR spectra and Rabi oscillations with one-time and
multitime measurement processes. We take the data from
the one-time measurement process of the ODMR spectra
or Rabi oscillations as features and label them by corre-
sponding peak positions in the ODMR spectrum with 500-
times measurement processes or by the frequency of the
Rabi oscillations with 750-times measurement processes,
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respectively. After training with a substantial number of
feature-label pairs, the CNN can predict an unknown
ODMR spectrum’s peak positions or the period of the
Rabi oscillations with a low SNR. A well-trained CNN
can be used for quantum sensing, since the peak positions
in the ODMR spectrum and the Rabi-oscillation frequency
are related to the ambient magnetic field intensity and the
microwave (MW) power, respectively. Enhanced by deep
learning, a real-time quantum sensing technology with a
shorter time requirement and less resource consumption
for measurements could be approached.

II. EXPERIMENTAL SETUP

The structure of the CNN that we build is shown in
Fig. 1. The input feature of the CNN is a one-dimensional
vector of size 1 × 151, which is sampled from the nor-
malized ODMR spectrum or Rabi oscillations. The CNN
consists of three convolutional layers, and each layer is fol-
lowed by a max-pooling layer, which is used to downsam-
ple the input vector into the feature space. The output of
the convolutional path is flattened into a one-dimensional
vector and sent to the fully connected path. There are two
fully connected layers, with different numbers of neurons,
in this path, which are used to fit the output values. When
we input the ODMR spectrum, the size of the output layer
is chosen as 2 × 1, corresponding to the two peak positions
P1 and P2 in the ODMR spectrum. On the other hand, there
is only one neuron in the output when we detect Rabi oscil-
lations, which corresponds to the oscillation period (T).
Moreover, the activation functions of the CNN are chosen
as the ReLu function [23], in order to increase the nonlin-
ear fitting ability. The CNN is optimized by use of ADAM
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FIG. 1. Architecture of the convolutional neural network. The
boxes represent the number and size of the feature maps extracted
from the hidden layer. Conv, 1 × 4 convolution layer with one
stride; MP, 1 × 2 max-pooling layer with two strides; FC, fully
connected layer. There are two neurons, P1 and P2, in the out-
put layer when the peak positions of the ODMR spectrum are
detected, and only one neuron, T, when the period of Rabi
oscillations is detected.

[24] with a learning rate of 10−6, which can effectively pre-
vent local optimization (see Appendix B for more details
of the CNN).

Recently, we showed that single PL6 divacancy defects
embedded in quantum wells in 4H -SiC had a high spin-
readout contrast after integrating for a reasonably long time
and had a high photon count rate [25,26]; the spin-readout
contrast and photon count rate were comparable to those
of N-V centers in diamond [27,28]. We focus on demon-
strating the effect of the CNN on the spin readout based on
such defects due to the convenience of obtaining the labels.
However, this method can also be applied to enhance the
spin readout of other spin defects.

A room-temperature home-built scanning confocal
microscope combined with an ODMR measurement sys-
tem is used to individually address and coherently control
single spin qubits in the SiC. The experimental setup is
specifically described in Appendix C. Figure 2(a) shows a
representative confocal fluorescence image within an area
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FIG. 2. Imaging and characterization of an isolated single
defect. (a). Confocal fluorescence image (10 × 10 μm2). The
white scale bar is 2 μm. The units of the color-scale bar are
103 counts/s. The bright point in the white circle is a single
PL6 defect used in the present work. (b). Second-order inten-
sity correlation function g(2)(t) for an exciting laser power of
1 mW. The purple lines are the experimental data, and the red
solid line is a corresponding fitting. At 0 delay time, g(2)(0) is
deduced to be 0.033, clearly indicating single-photon emission.
(c). ODMR spectra of the single-defect spin in zero magnetic
field. The experimental data (blue dots) are fitted with a Lorentz
function (red solid line), from which the resonance frequency is
deduced to be 1.3514 GHz. (d). Resonant frequency at different
intensities of magnetic field (parallel to c axis). The red circles
and blue squares are the resonance frequencies between ms = 0
and ms = +1 and between ms = 0 and ms = −1, respectively.
The red and blue solid lines are corresponding linear fittings. The
inverse of the slope is deduced to be ±2.8 MHz/G, respectively.
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of 10 × 10 μm2 in the SiC sample, excited with a 1-mW
laser. The bright point in the white circle is an isolated sin-
gle PL6 defect used in the present work. Hanbury Brown
and Twiss measurements [29] are performed to confirm the
character of the single-photon emission. The second-order
intensity correlation function g(2)(t) for the fluorescence
of the bright point excited with a 1-mW laser is shown in
Fig. 2(b). The purple lines are the experimental results, and
the solid red line is fitted by the function

g(2)(t) = 1 − (1 + a)e−|t|/τ1 + de−|t|/τ2 , (1)

where a, d, τ1, and τ2 are fitting parameters [30–32]. From
the fitting, the value of g(2)(0) is deduced to be 0.033,
clearly indicating that the bright point shown in Fig. 2(a)
is a single-photon emitter.

The spin Hamiltonian of the neutral divacancy defects
in 4H -SiC can be expressed as

H = μBgB · S + D[S2
Z + S(S + 1)/3] + E(S2

X − S2
Y),

(2)

where μB is the Bohr magneton, g is the electron Landé
g-factor (g = 2.0), B is the external magnetic field, S (S =
1) is the electron spin, and D and E are zero-field split-
ting parameters [33]. For the PL6 defect spins in 4H -SiC
at room temperature, D = 1.351 GHz [25,34]. Because of
the spin-polarization-dependent emission, a change in the
PL readout (�IPL) with and without resonant MWs can
be detected, which is the basis of continuous-wave (CW)
ODMR measurements. For each point in a single one-
time measurement process of the ODMR spectrum, the
microwave signal is gated on and off with a 1-ms dura-
tion, and this is repeated ten times, such that the one-time
measurement process consumes 3 s (see Appendix A for
more detailed information). The measurement processes
are repeated, and the scan results are averaged. The final
ODMR spectra are calculated from �IPL = [�N (on) −
�N (off )]/�N (off ), in which N (on) and N (off ) are the
photon counts with and without microwaves, respectively
[35,36]. Figure 2(c) shows the CW ODMR spectra of a
single defect spin in zero magnetic field, which are inte-
grated by repeating the measurements 500 times. The blue
dots are the raw experimental results, and the solid red line
is the corresponding Lorentz fitting, from which the reso-
nance frequencies between the spin ground state ms = 0
and ms = ±1 are 1.3514 GHz (the energy levels of the
states ms = ±1 are degenerate in zero magnetic field).
Figure 2(d) demonstrates the resonance frequency between
the states ms = 0 and ms = ±1 in different intensities of
the magnetic field (parallel to the c axis of the SiC). The
blue squares (left branch) are the resonance frequency
between ms = 0 and ms = −1, while the red circles (right
branch) are the resonance frequency between ms = 0 and
ms = +1. The solid red and blue lines are the correspond-
ing linear fittings, from which the inverse of the slope is

deduced to be ±2.8 MHz/G. These spin properties are con-
sistent with previous work [1,25,34]. Through the above
measurements, the spin qubits used in the present work are
identified to be single electron spins of single PL6 defects
in 4H -SiC.

III. RESULTS

A representative ODMR spectrum from an individual
one-time measurement process is shown in the upper panel
of Fig. 3(a), where the ODMR signal is submerged in the
noise. To label its peak, we take the ODMR spectrum
obtained from a measurement process repeated 500 times
as a standard. The standard peak positions are confirmed by
Lorentz fitting, and the result is shown in the lower panel of
Fig. 3(a). In order to train and test the CNN, 6200 inferior
spectrum-peak pairs, which are detected for 16 different
magnetic field intensities (12 for the training sets and 4
for the test sets), are generated and randomized into 6000
training sets and 200 test sets. We introduce the 1-norm as
the loss function to quantify the training progress; this is
defined as (1/2m)

∑m
i=1 ||yi − Li||1, where m is the number

of samples; y and L are the output and label, respectively.
With an increase in the epoch (a network-training period;
see Appendix A for more information), the logarithm to
base 10 of the 1-norm of the training (red) set and the
test (blue) set drops swiftly and reaches about 10−3 GHz
when the epoch is more than 1500, as shown in Fig. 3(b).
The results illustrate the CNN’s capability to learn the
spin signals from the inferior ODMR spectra and accu-
rately predict their peak positions, which correspond to the
resonance frequencies between different spin states. We
further use the well-trained CNN to predict the ODMR
peak positions for another single PL6 defect. The predicted
precision is fully comparable to the results in Fig. 3(d) (see
Appendix D for more details).

By combining the ODMR technique with the deep-
learning method, we can achieve magnetic field sensing
with fewer measurements and in less time. The intervals of
the ODMR signal between the positions of the two peaks
P1 and P2 are linear with the corresponding magnetic field
intensities, which satisfy B = P1 − P2/2 × 1/A, where A
is a constant and its value in our experiment is 2.8 MHz/G
according to Fig. 2(d), which is consistent with the elec-
tron gyromagnetic ratio for c-axis defect spins in 4H -SiC
[33]. This property of defect spins in solid-state materi-
als is often used for magnetic field sensing [34]. Here we
compare the predicted magnetic field intensities Bpre (cal-
culated from the predicted P1 and P2 in the test set) and
the real magnetic field intensities Breal (calculated from P1
and P2 obtained from 500-times-repeated measurements of
the ODMR spectrum), as shown in Fig. 3(c). The counts of
(Bpre, Breal) are gathered along the diagonal line Bpre = Breal.

In the case of fewer measurements, the deep-learning
method shows a big advantage. Figure 3(d) presents a
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FIG. 3. Training data and results for ODMR signals. (a) ODMR signals with 1-time and 500-times measurement processes. (b)
Performance of CNN with respect to epoch. (c) Matrix of prediction values Bpre and actual values Breal. (d) Comparison of different
methods: 1-norm errors of positions predicted by Lorentz fitting and by the deep neural network. Some peaks in the ODMR data with
few measurement times cannot be found by Lorentz fitting, as shown in the inset.

comparison between the Lorentz-fitting and deep-learning
methods in the case of few measurements. When the num-
ber of measurement processes is less than 10, the 1-norm
errors in the CNN-predicted peak positions are less than
those calculated by Lorentz fitting. The errors decrease as
the measurement time increases. The errors in the peak
position fitted by Lorentz fitting undulate greatly, and the
double peak cannot even be fitted at all using an individ-
ual one-time measurement process, as is shown in the inset
of Fig. 3(d). This means that the Lorentz-fitting method
is not efficient with few measurements. Besides, the time
consumption for a prediction to obtain a certain precision,
e.g., 10−2 GHz, with a well-trained CNN is much less than
that for a Lorentz fitting, such that the CNN can predict
the magnetic field strength in a timely way. Another way
to scale the enhancement of the CNN method is to calcu-
late the sensitivity of magnetic field sensing; the result also
shows an improvement in the sensitivity with our method
(see Appendix E for details).

To demonstrate the transferability of the CNN method
described above in the context of ODMR learning, we
apply it to predict the resonance frequencies of ODMR

spectra of another type of spin defect, i.e., a single PL1
defect. The spin-readout contrast and single-photon count
rate of a single PL1 defect are both much lower than those
of a single PL6 defect [25]. To obtain good performance
of the CNN, the SNR of the input data should be similar to
that of the training data. In the experiment, the SNR of the
PL1 data accumulated in 500 measurement processes (the
test data) is similar to that of the PL6 data accumulated in
five measurement processes (the training data). The aver-
age 1-norm error of the prediction is about 4.2 MHz, which
is comparable to that of the average error for the PL6 defect
of 3.5 MHz (see Appendix D for more details).

Similarly, we investigate prediction of the Rabi-
oscillation period with an extremely low SNR, assisted by
the deep-learning method. Rabi oscillations obtained from
one-time (upper panel) and 750-times (lower panel) mea-
surement processes under the same conditions are shown
in Fig. 4(a). For each point in an individual one-time mea-
surement process, the pulse sequences, including optical
initialization, microwave driving, and optical readout, are
repeated 5400 times. Taking the results of the 750-times-
repeated measurement processes as a standard, 6100 Rabi
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FIG. 4. Training data and results
for Rabi oscillations. (a) Rabi-
oscillation signal with 1-time and
750-times measurement processes.
(b) Performance of the neural net-
work with respect to epoch. (c)
Matrix of predicted MW power
Ppre and actual MW power Preal
(dBm). (d) Comparison of different
methods: 1-norm errors of oscilla-
tion periods predicted by nonlin-
ear fitting and by the deep neural
network.

oscillations (5500 training sets + 600 test sets) detected
with 15 different MW powers (11 for the training sets, 4
for the test sets) with low SNR are labeled with their stan-
dard periods. The well-trained CNN can predict the period
T when low-SNR Rabi oscillations are input. Unlike the
CNN for the ODMR spectrum, the output layer that pre-
dicts the period has only one neuron. The training progress
is shown in Fig. 4(b). The 1-norm errors of the training and
test sets decrease as the epoch increases and reach about
1 ns when the epoch is greater than 5000. Moreover, the
period T reflects the MW power P, and satisfies

√
P =

C/T, where C is a coefficient of proportionality. Here we
use 15 sets of MW-power–Rabi-oscillation-period data to
fit the coefficient C, and obtain C = 5.07 × 10−6 s mW1/2,
with R2 = 0.9997. The predicted MW power Ppre and the
actual MW power Preal are shown in Fig. 4(c) and are dis-
tributed on the diagonal, which means that Ppre = Preal.
Besides, the errors deduced for the deep-learning method
are much less than those of the traditional fitting method
for few measurements (when the number of measurement
processes is less than ten), as shown in Fig. 4(d).

IV. CONCLUSIONS

In conclusion, we propose a deep-learning-enhanced
method to detect the parameters of the ODMR spectra and
Rabi oscillations of a single defect spin in SiC with one
measurement process, which is more precise than the tra-
ditional fitting method. After training with a large number

of labeled samples, the CNN can predict the peak positions
of the ODMR spectra or the frequency of the Rabi oscilla-
tions from a low-SNR signal with high speed and accuracy.
In the prediction of the peak positions of the ODMR spec-
trum, the 1-norm errors can reach about 1 MHz, and the
1-norm errors are about 1 ns when the method is used to
predict the period of Rabi oscillations. The accuracy might
be further improved by dynamically changing the measure-
ment time of the data in the training processes or using a
decay learning rate.

The peaks in the ODMR spectrum and the Rabi-
oscillation period are directly related to the magnetic and
microwave field intensities, respectively [37]. A natural
application is to sensing the noisy environment around a
spin defect. The CNN can be trained in free time and then
used for single-spin readout or real-time sensing of the cor-
responding parameters. In addition to the defect spins in
SiC, this method can efficiently extract signals from other
systems with strong noise.
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APPENDIX A: ARTIFICIAL NEURAL NETWORKS

Artificial neural networks (ANNs) are a computing
model inspired by neural networks in biology, which can
make predictions according to the input data after being
trained [38]. A typical feedforward neural network con-
sists of an input layer, hidden layers, and an output layer,
as Fig. 5 shows.

The neurons in the hidden layers and output layer can be
described by

ai = h(θ
(1)

i1 x1 + θ
(1)

i2 x2 + θ
(1)

i3 x3),

bi = h(θ
(2)

i1 a1 + θ
(2)

i2 a2 + θ
(2)

i3 a3 + θ
(2)

i4 a4),

y = h(θ
(3)

1 b1 + θ
(3)

2 b2 + θ
(3)

3 b3 + θ
(3)

4 b4),

(A1)

where xi is the input data, y is the output data, and ai and
bi are the hidden neurons. The matrix � determines the
mapping from the ith layer to the (i + 1)th layer. h(z) is the
activation function, which can include nonlinear relations
such as tanh, ReLu, and sigmoid functions in the network.

The loss function is another concept that plays an impor-
tant role in machine learning. This is a kind of function
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Input layer
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FIG. 5. Basic architecture of an ANN. Each circle stands for
a neuron, and the lines show the connections between different
neurons. The ANN has four layers: an input layer, two hidden
layers, and an output layer.
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FIG. 6. Convolution. The input matrix X is mapped to the out-
put matrix Y by convolution. The blue block in Y is calculated by
summing the blue region in X with the weights in the kernel �.

used for evaluating the predictions of networks by cal-
culating the differences between the real values and the
predicted values. For example, we use a loss function
called the cross-entropy when using ANNs for classifica-
tion. In a binary classification task, this function can be
expressed as

L(θ) = 1
N

∑

k

Lk

= 1
N

∑

k

−[pk ln(yk) + (1 − pk) ln(1 − yk)], (A2)

where N is the total number of training data, pk is the
label of the training data (true, pk = 1; false, pk = 0), and
yk is the probability that the kth sample given by the
ANN is true. It is obvious that with a decreasing value
of L, the accuracy of the prediction of the ANN rises.
So, the training process of the ANN minimizes L using
the backpropagation method [39]. When the network has
been trained on each training sample once, we say that one
epoch has finished. The training process usually consists
of more than one epoch.

The CNN that we use here is that of a deep-learning
method in which data flow from one layer to another by
convolution, as shown in Fig. 6. The matrix X is the input
data (an image in most cases), the matrix � is the convo-
lution index, called the convolution kernel, and the matrix
Y is the output data after convolution. It is calculated as

y11 = θ11x11 + θ12x12 + θ21x21 + θ22x22. (A3)

By moving the blue region in the matrix X from left
to right and from top to bottom, we can get the output
matrix Y.

APPENDIX B: DETAILS OF THE CNN

The structure of the neural network (see Fig. 1) that
we propose for learning from ODMR and Rabi images is
based on the basic convolutional neural network. The CNN
consists of three convolution units, each of which includes
a convolutional layer with filter size 1 × 1, a ReLu activa-
tion function, and a max-pooling layer with 1 × 2 strides.
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Following the three units are two fully connected lay-
ers and a linear output layer. We train our network using
the TensorFlow framework, and the training process is
accelerated by two NVIDIA 1080Ti graphics processing
units.

APPENDIX C: DETAILS OF ODMR AND RABI
EXPERIMENTS

1. Sample preparation

In the present work, an epitaxial layer of single-crystal
4H -SiC with a nitrogen concentration of 5 × 1015 cm−3

is used. Through electron-beam lithography, ion implan-
tation, and annealing techniques, an array of single diva-
cancy defects with a pitch of about 2 μm is fabricated in
a shallow layer beneath the surface of the 4H -SiC sample.
The sample is then cleaned in a 3:1 mixture of concen-
trated sulfuric acid and hydrogen peroxide heated to 95 ◦C
for 5 h, which dramatically reduces the background fluo-
rescence so that single defect spin qubits can be optically
addressed and individually manipulated [25,40].

2. Fluorescence imaging and ODMR measurements

A room-temperature home-built scanning confocal
microscope combined with an ODMR measurement sys-
tem is used to individually address and coherently control
single spin qubits in the SiC. The experimental setup
is shown in Fig. 7. A 914-nm CW laser, modulated by
an acousto-optic modulator and focused by an infrared
oil objective (Nikon, NA = 1.3), is used to excite sin-
gle divacancy spin qubits. A long-pass dichroic mirror
(Semrock) is used to separate the laser and fluorescence
signals. The SiC sample is mounted on a closed-cycle
three-axis piezoelectric stage. The fluorescence signals, fil-
tered by a long-pass filter, are coupled to a single-mode
fiber and then detected by a superconducting-nanowire
single-photon detector (Scontel). The photon counts are
recorded by a counter (not shown in the experimental
setup).

For the ODMR and Rabi measurements, microwave
sequences are generated by a microwave generator (Mini-
Circuits, SSG-6000 RC) and then gated by a switch (Mini-
Circuits, ZASWA-2-50DR+). After being amplified by an
amplifier (Mini-Circuits, ZHL-25W-272+), the microwave
signals are fed to a 50-μm-wide copper wire above the
surface of the sample. The timing sequence of the elec-
trical signals for manipulating and synchronizing the laser,
microwave generator, and counter is generated by a pulse
generator (SpinCore). A static magnetic field parallel to the
c axis of the 4H -SiC is manipulated by an electromagnet.
A modulated laser pulse is used to polarize and read out the
optical signals, depending on the spin states of the isolated
defects [25,35,36].

Laser

SNSPD

MWG

AOM

Switch

Objective

AMP

PBS

M
ir ror

DM

HWP

SiC
M

Fiber

Filter

L1 L2
PG

FIG. 7. Experimental setup. A home-built scanning confocal
microscope system is used in our experiments. A 914-nm CW
laser is modulated by an acousto-optic modulator (AOM), after
which the laser beam is reflected by a long-pass dichroic mirror
(DM) and then focused by an objective in order to excite sin-
gle point-defect spin qubits in 4H -SiC. The polarization of the
laser is adjusted by a polarizing beamsplitter (PBS) and a half-
wave plate (HWP). The photoluminescence is collected by the
same objective and filtered by a long-pass filter, and is ultimately
detected by a superconductive-nanowire single-photon detector
(SNSPD). The number of photons is recorded by a counter.
Microwave sequences are generated by a microwave generator
(MWG) and then gated by a switch. After being amplified by an
amplifier (AMP), the microwave signals are fed to a 50-μm-wide
copper wire above the surface of the 4H -SiC sample. The timing
sequence of the electrical signals for manipulating and synchro-
nizing the laser, microwave generator, and counter is generated
by a pulse generator (PG). A static magnetic field parallel to the
c axis of the 4H -SiC is manipulated by an electromagnet (M).

3. Pulse sequences for the ODMR and Rabi-oscillation
measurements

Because of the spin-polarization-dependent emission,
�IPL with and without resonant MWs can be detected,
which is the basis of the CW ODMR measurements.
ODMR spectra are measured by scanning the microwave
frequency from 1200 to 1500 MHz with a step size of
2 MHz. For each point in a single one-time measure-
ment process, the MW signal is gated on and off with
a 1-ms duration and repeated ten times, such that the
one-time measurement process of the ODMR spectrum
consumes 3 s. The pulse sequence for an individual one-
time ODMR measurement process is shown in Fig. 8(a),
in which the red and blue squares represent the laser and
MW pulse sequences, respectively. Figure 8(b) shows the
pulse sequence for an individual Rabi-oscillation measure-
ment process. The first 3-μs laser pulse is used to initialize
the single spin qubit to the state ms = 0, and the laser is
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FIG. 8. Pulse sequences. (a) An individual one-time ODMR
measurement process. (b) An individual one-time Rabi-
oscillation measurement process.

then turned off for 1 μs, such that the state goes back
to the spin ground state. A microwave pulse of varying
length is applied to drive the spin qubit such that the spin
state oscillates between the states ms = 0 and ms = −1;
the MW duration is changed from 20 ns to 1.02 μs with
100 equally spaced sampling points. Finally, a laser read
pulse (the duration time of which is set to 0.3 μs) is used to
read out the state’s population through the photon counts.
For each one-time Rabi-oscillation measurement process,
the pulse sequences are repeated 5400 times, such that the
time consumption is about 5 s.

APPENDIX D: TRANSFERABILITY OF THE CNN

We use the CNN trained with the data from the first
PL6 defect to predict the ODMR resonance frequencies of
another PL6 defect at five magnetic field intensities (dif-
ferent from those for the first PL6 defect). The predicted
1-norm errors are shown in Fig. 9(a). The blue triangles
represent the average 1-norm errors, which decrease with
an increase in the number of measurement processes. The
tendency and the errors are similar to those shown in
Fig. 3(d). Therefore, the CNN has learned the general fea-
tures of the PL6 defect’s ODMR signal from the training
data.

We then extend the application of the CNN method to
predict the ODMR properties of a different kind of defect,
i.e., a single PL1 defect, which has a much lower spin-
readout contrast and single-photon count rate than those
of the PL6 defect [25]. To have good performance of the
CNN, it is better for the test data and the training data to
have similar SNRs. In the experiment, the CNN is trained
with PL6 data accumulated in five measurement processes,
and the input data are PL1 data accumulated in 500 mea-
surement processes, since these data have a similar SNR.
The ODMR resonance frequencies are measured at five
different magnetic fields. The predicted 1-norm error at
each magnetic field is shown in Fig. 9(b). The average error
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FIG. 9. Experimental results for the second PL6 defect and the
PL1 defect. (a) 1-norm errors of the predicted ODMR resonance
frequencies for different measurement processes. (b) 1-norm
errors of the predicted ODMR spectra of a single PL1 defect
obtained with the CNN trained with the PL6 data.

is calculated to be about 4.2 MHz, which is comparable
to the result for the PL6 defect of about 3.5 MHz. As a
result, the CNN trained with the data for the PL6 defect
not only can be applied to predict the ODMR properties of
other PL6s but also can predict the properties other kinds
of defects in SiC. The transferability of the CNN could be
of potential broad application.

APPENDIX E: SENSITIVITY OF MAGNETIC
FIELD SENSING

The sensitivity is calculated as

η2 = δB2 = σ 2(B)T, (E1)

034046-8



DEEP-LEARNING-ENHANCED SINGLE-SPIN READOUT. . . PHYS. REV. APPLIED 17, 034046 (2022)

Lorentz

CNN

106

105

104

103

102

101

100
10 15 20 25 30 35

2
 (G

2
s)

Total accumulation time (s)

FIG. 10. Sensitivity of magnetic field sensing for different
methods.

where σ 2(B) is the scaling of the prediction errors and T
is the total accumulation time for the measurement. Here
we use the square of the 1-norm error as the prediction
error for magnetic field sensing, and we omit the time con-
sumption for data communication in the estimation. So, the
total accumulation time is Ttotal = Tm + TCNN, where Tm
is the time spent on measurement processes, and TCNN is
the time consumption of the CNN algorithm (about 3.4 s).
The sensitivity of magnetic field sensing with and with-
out the CNN is shown in Fig. 10. The triangles show
a slow decline of the sensitivity as T increases, which
means that the precision increases with a longer mea-
surement time. We obtain a square of the sensitivity of
1.1 × 101 G2 s when the total accumulation time reaches
33.4 s. The figure also supports our conclusion in the main
text, since the sensitivity is significantly improved by the
deep-learning-enhanced method.
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