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Remote magnetic sensing can be used to monitor the position of objects in real time, enabling ground
transport monitoring, underground infrastructure mapping, and hazardous detection. However, magnetic
signals are typically weak and complex, requiring sophisticated physical models to analyze them and a
detailed knowledge of the system under study, factors that are frequently unavailable. In this work, we
provide a solution to these limitations by demonstrating a machine-learning (ML) method that can be
trained exclusively on experimental data, without the need of any physical model, to predict the position of
a magnetic target in real time. The target can be any object with a magnetic signal above the floor noise,
and in this case, we use a quantum diamond magnetometer to track variations of a few hundred nanoteslas
produced by an elevator moving along a single axis. The one-dimensional movement is a simple yet
challenging scenario, resembling realistic environments such as high buildings, tunnels, or train circuits,
and is the first step toward building broader applications. Our ML algorithm can be trained in
approximately 40 min, achieving over 80% accuracy in predicting the target’s position at a rate of
10 Hz, for a positional error tolerance of 30 cm, which is well within the the 4-m spacing between parking
levels. Our results open up the possibility to apply this ML method more generally for real-time

3

monitoring of magnetic objects, which will broaden the scope of magnetic detection applications.

DOI: 10.1103/vjtb-d8kb

I. INTRODUCTION

Real-time object monitoring plays an essential role
across many fields, such as traffic monitoring [1,2],
environmental control [3], and surveillance [4—6]. Most
well-established techniques are based on the global posi-
tioning system (GPS), which relies on radio-wave signals
and satellite triangulation [7]. Although a powerful tech-
nique, GPS has important limitations: first, it requires that
the object under tracking be equipped with a GPS receiver,
thus restricting use to cooperative scenarios. Second, there
are several GPS-denied environments where radio-wave
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signals are blocked or distorted, such as underwater,
underground, and indoor spaces [8,9]. For all these cases,
a different technology is needed, and this is where remote
magnetic sensing comes into play, as magnetic signals can
propagate in GPS-denied environments and are generated
directly by the tracked object, thus not limited to co-
operative scenarios.

The major challenge for remote magnetic sensing is
interpreting the data, as each tracked object will have its
own magnetic signature, convoluted with the environmen-
tal noise. The conventional approach for analyzing this
kind of information is to build a physical model that
describes the target and its environment, and then fit the
experimental data to extract the position information.
Examples of this method can be found in submarine
navigation [10,11], detection and classification of ground
vehicles [12], detection of magnetic anomalies [13],
and moving magnetic targets [14]. Recent works have
introduced ML tools to complement the data analysis
and improve the performance compared to classical
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algorithms, but they still rely on physical models to
preprocess magnetic data or synthesize training datasets.
For instance, Wu et al. developed a deep-learning model to
monitor the activity of underground trains [15]; Cardenas
et al. used convolutional neural networks (CNNs) to detect
magnetic anomalies and identify the localization, number,
and properties of magnetic dipoles [16]; Sun ef al. employed
deep neural networks (DNNs) to localize complex arrays of
underground pipelines [17]; Wang et al. used DNNs
integrated with a moving magnetometer to track magnetic
anomalies [18]; Vandavasi et al. improved underwater
navigation with shallow learning Al algorithms [19]; and
Meng et al. have used the objective base function opti-
mization method to develop a machine-learning algorithm
integrated with a vector magnetometer [20].

Although magnetic data interpretation has made
remarkable progress, most of the real-world scenarios
display too complex magnetic signals, which would
require extensive physical models. As the models grow
in complexity, more prior information about the magnetic
system is needed in order to determine numerous param-
eters and fit the experimental data. As a result, remote
magnetic sensing becomes unfeasible in most situations
where limited information is available. As such, much
research has focused on the development of modeling-free
alternatives for interpreting the magnetic data, powered by
artificial intelligence. The main idea is that experimental
measurements can be analyzed by ML algorithms that
work as “black boxes,” meaning that they make their own
(hidden) model for interpreting data, ultimately taking
magnetic measurements as inputs and returning the posi-
tion of the tracked object. Some examples of these
experimentally trained ML algorithms include the recog-
nition of submarine cables [21]; robot’s indoor magnetic
navigation [22]; and identification of basic maneuvers of
ground vehicles [23]. Research in this area has focused on
on object recognition, autonomous navigation, or qualita-
tive behavior, but none of them have the ability to monitor
the location of a moving object in real time.

In this work, we develop an experimentally trained ML
algorithm that predicts the position of an elevator in an
indoor environment in real time, using magnetic measure-
ments as the input data, without the need of developing any
physical model to interpret the magnetic information. The
target (i.e., the elevator car) can move along a vertical axis
across eight levels spaced 4-m apart at an average speed of
1.4 m/s, producing variations of a few hundreds of
nanoteslas in the measured magnetic signals. Although
this one-dimensional movement may seem simple, the
magnetic system is in fact complex and involves multiple
elements, such as the elevator car, counterweight, steel
cables, and electrical motor, each one contributing with its
own magnetic signature. In addition, these signals are
convoluted with the strong magnetic fields coming from
nearby electrical trams, which we identify as magnetic

noise for our tracking purposes. As explained above,
building a physical magnetic model for this real-world
problem is a challenging task that requires a significant
level of prior knowledge about the elevator itself and its
environment.

In situations where prior knowledge is limited, we need
a highly sensitive magnetic field sensor that can operate in
real-world scenarios. In this work, we utilize a quantum
diamond magnetometer based on a dense ensemble
of nitrogen-vacancy (NV) defects as our sensing platform
[24-29]. Our magnetometer can operate in a wide temper-
ature range without any magnetic shielding, detecting
full-vector magnetic fields with an average sensitivity of
around 400 pT/+/Hz per Cartesian axis within a 1-100 Hz
measurement bandwidth. Furthermore, quantum diamond
magnetometers have inherent capabilities promising accu-
rate and stable measurements during long periods of time
without any drift or the need for recalibration.

Our results demonstrate that with 6 h of training with
experimental results, the ML algorithm can predict the
position of the elevator car, represented by its lowest point,
at a 10 Hz rate with an accuracy of 80% for a positional
error tolerance of 30 cm. As this distance is much smaller
than the 4-m spacing between parking levels, and the
accuracy implies that on average 8 out of 10 points are
correct every second, the trajectory of the elevator and the
arrival at each parking level can be reliably monitored in
real time. The flexibility of both our ML algorithm and
magnetic platform allows for easy adaptation to various
scenarios and monitoring tasks, promising broad appli-
cability in situations where only experimental data are
available.

II. RESULTS

A. Application overview

The principle of the real-time object monitoring using
the NV quantum diamond magnetometer is illustrated in
Fig. 1. Our target is an elevator car, with XYZ dimensions
1.8 x 2.0 x 2.6 m?, that can move along eight levels on the
Z axis, with levels spaced 3.7 m apart except for the lowest
two, spaced by 4.1 m. The elevator travels at an average
speed of 1.4 m/s, meaning that it typically takes almost 3 s
to move between adjacent levels. The quantum diamond
magnetometer is located at the basement (lowest level),
approximately 10 m from the elevator, and it detects

variations of the magnetic field B when the elevator is
moving, which are in the order of a few hundreds of nT.
However, the magnetic signal does not exclusively reflect
the magnetic field from the car alone, but also the Earth’s
magnetic field (approximately 50 uT) and contributions
from other magnetic elements in the elevator system,
mainly the counterweight (traveling in the opposite direc-
tion to the car), the steel cables and the electrical motor
located on top of level 8 [see Fig. 1(a)]. Additionally, there
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Real-time object monitoring: application overview. (a) Scheme of the elevator system, where the main magnetic elements are

identified: target car, counterweight, steel cables, and electrical motor. The sensing platform is located in the lowest level of the
building, 10 m away from the elevator’s doors. The position of the car is recorded independently by a camera placed in front of the
informative display. (b) Quantum diamond magnetometer based on a dense ensemble of nitrogen-vacancy defects, capable of sensing
external magnetic fields. The inset shows the diamond crystallographic structure containing the NV defect. (c) Set of magnetic
measurements and Z positions of the elevator’s car as a function of time. They are processed into a one-dimensional timeseries as
predictors and targets, respectively. (d) Machine-learning architecture, featuring convolutional neural networks (gray), nonlinear
activation layers (brown), a one-dimensional conversion layer (orange), and dense neural networks (green). The inputs are the magnetic
predictors, and the final outputs are the predicted Z positions of the car (red). (e) Example of the ML predictions (red line) for unseen
magnetic data. The ground truth measured by the camera indicates the parking levels (dashed green line), while the traveling positions

are interpolated by a simple linear approximation (teal line).

is environmental magnetic noise from nearby electronic
equipment and wiring, in the order of few nT, and a much
larger contribution from urban electrical trams operating
continuously, located approximately 50 m away from the
magnetometer. These vehicles are ground cars with over-
head current-carrying cables that generate magnetic fields,
providing 1/f-like random magnetic field fluctuations
ranging from 70 to 250 nT.

In order to detect full-vector magnetic signals, we use
a single-crystal diamond substrate containing a dense
ensemble (approximately 4.5 ppm) of NV defects
[Fig. 1(b)], with an average sensitivity of 400 pT/v/Hz
per Cartesian axis (see Supplemental Material [30]).
Considering the approximately 3 s timescale of the

elevator system, we set a 10-Hz sampling rate to ensure
a time resolution (dt = 0.1 s) for tracking magnetic field
variations.

As the ML algorithm needs to be trained and evaluated
with Z-position reference targets, it is essential to record
this “ground truth” information independently, and we
want to use a procedure as simple as possible so our
tracking application remains flexible and can be adapted to
other scenarios. Following these criteria, we simply place a
camera in front of the elevator doors to record its display
[Fig. 1(a)] and correlate it in time with the magnetic
measurements. As the display only indicates the parking
level if the elevator is parked or the traveling direction and
a rough level estimation when the elevator is moving,
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we can confidently determine only the time intervals in
which the elevator is parked. For the complete Z trajectory,
we interpolate the parking positions with a linear approxi-
mation during the traveling events, which gives a good
estimate of the position. As we will discuss later, the
tracking precision can be improved with more sophisti-
cated methods to record the elevator’s movement, such as
measuring its acceleration as a function of time and using
a physical model to reconstruct the Z position, but this
approach is against the original intention of employing
minimal information.

Using both sets of magnetic and Z-position measure-
ments, we design a ML algorithm with a deep-learning
supervised architecture, in which the full-vector magnetic
fields (Bx, By, Bz)(t) are encoded into 3-channel input
predictors and the elevator position Z(z) as target values
[Fig. 1(c)]. During training, the internal parameters of the
ML architecture are tuned to minimize the difference
between the predicted positions Z,.4(¢) and the ground
truth [Fig. 1(d)]. Once this process is completed, the ML
algorithm can predict the elevator position in real time for
magnetic measurements [Fig. 1(e)].

To assess the ML predictions’ accuracy, we define two
different metrics: the parking accuracy A, which takes
into account only those intervals in which the elevator is
parked (ground truth); and the tracking accuracy A,
which uses the entire trajectory, combining both the
parking intervals and the linear interpolations. The former
metric is the most reliable, as it is based on the ground
truth, while the second metric is built on top of a simple
approximation for the elevator’s movement, which gives a
good estimation of the real trajectory. For any metric,
a single prediction P at a time ¢ is considered correct if
the absolute difference between the predicted position
Z yrea(t) and the reference position Z¢(¢) (ground truth or
interpolated values) is smaller than a fixed position
tolerance Z:

P(t) = {(1)

Both metrics Ap,q and Ay, represented as A, are
calculated once the ML algorithm is trained by using a
testing dataset with unseen data and calculating the ratio
between the correct and total number N of predictions:

if |Ztrue<t) - Zref(t)‘ < Ztol (1)

if |Ztrue(t) Zref(t)| > Ztol.

1 N
A=y 2 P @)

B. Magnetic measurements in different frames
The quantum diamond magnetometer platform utilized
in this work is displayed in Fig. 2(a). A pair of temper-
ature-compensated samarium cobalt ring magnets is used
to generate a bias magnetic field, EO. Its projection along

each NV axes is shown in Fig. 2(c), resulting in the
optically detected magnetic resonance (ODMR) spectrum
in Fig. 2(b). Additional magnetic field variations experi-
enced by the NV ensemble will shift the resonance
frequencies in the ODMR spectrum. To enable simulta-
neous measurement of all Cartesian components of a
dynamically changing magnetic field, we implement
a measurement protocol based on Ref. [25] that
simultaneously addresses four of the eight resonance
frequencies. A full breakdown of the calibration routine
and measurement protocol is provided in the Supplemental
Material [30].

An example of the elevator’s Z position for a short time
span is presented in Fig. 2(d), correlated with the magnetic
signals (Bx, By, By) projected in the laboratory frame in
Fig. 2(e) (top). In this frame, where the Z axis is aligned
with the elevator’s axis and the XY plane is squared with
the room, there is a clear correlation between the By
component and the elevator’s movement, while the other
projections (By, Bz) are much noisier. This noise direc-
tionality originates in the magnetic signals coming from
the electrical trams, which exhibit weak fluctuations in the
X magnetic axis (up to 70 nT) and strong variations in the
YZ plane (up to 250 nT), (see Supplemental Material [30]).
As we did not have any prior information about the
magnetic behavior of our system, our choice of Cartesian
projections XYZ for the magnetic fields fortuitously
allowed us to easily identify a correlation between mag-
netic signals and the elevator’s position. However, we may
have chosen any other frame X'Y’Z" in which the trams’
signal is distributed across all magnetic axes evenly,
obscuring this correlation. An example of this scenario
is shown in Fig. 2(e) (bottom), where the magnetic data are
rotated to an arbitrary frame (see Methods).

From a human perspective, the projection of the
magnetic signals plays an important role for data inter-
pretation and a bad choice such as the last example may
hinder the analysis. Notice, however, that the full-vector
magnetic information recorded by the magnetometer is
equivalent in any frame. This situation is a good example
of a real-world scenario, and our challenge is to incorpo-
rate it into our object-monitoring application, so the ML
learning algorithm can work with equal performance given
data projected in any frame. Consequently, we introduce
the concept of “minimum accuracy” A, for performance
evaluation, in which a single ML architecture is trained
and evaluated in different frames F(6, ¢, a), defined by the
polar € and azimuth ¢ spherical coordinates of the rotation
axis, along with the rotating angle a. The final perfor-
mance is then defined as the lowest accuracy result:

Amin = mgnA|F’ 3)

where A| is the accuracy (as defined in Eq. (2) evaluated
at a particular frame F(0, ¢, a).
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FIG.2. Magnetic measurements in different frames. (a) Quantum diamond magnetometry platform, with details about the optical
and electronic elements, along with the external magnets that provide a constant bias field By. (b) Optically detected magnetic
resonance spectrum showing the eight resonant frequencies for the ensemble of nitrogen-vacancy (NV) defects, numbered from 1

to 4 according to the NV axes. (c) Geometry for the NV axes described in the laboratory frame, along with the EO direction.
(d) Independently recorded positions of the elevator’s car by filming the information display. The horizontal segments are the
parking intervals (ground truth), connected with each other by linear interpolations. Parking levels are spaced approximately 4 m
apart. (e) Magnetic measurements projected into the laboratory frame (top), with the Z-axis aligned with the elevator’s axis, and the
XY plane squared with the room. The environmental noise affects mainly the By and B; components, leaving a relatively clean By
axis that exhibits a clear correlation with the elevator’s position. The same data are shown in a different frame (bottom), where the
noise is coupled to all magnetic axes evenly, obscuring the correlation.

C. Machine-learning architecture

Considering the particular conditions of our object-
monitoring challenge, but also taking into account
future adaptations to similar applications, we have studied
many ML algorithms that share the following principles:
supervised learning, deep-learning structure, and a regres-
sion task.

In supervised learning, the ML algorithm learns from an
experimental dataset containing predictors (magnetic sig-
nals) and targets (the elevator position). During training,
the algorithm makes predictions based on the input and
compares them with the target values. Then, it adjusts its
internal parameters to reduce the difference next time,
iterating this process over many cycles to improve the
accuracy progressively. After training, the ML algorithm is
able to predict the elevator position from magnetic
measurements without any target references.

A deep-learning structure means that the ML algorithm
has multiple hidden layers between the input predictors
and the final output, enhancing its ability to analyze
complex patterns [31,32]. This type of architecture works
well with our extensive magnetic data: just 1-h of
measurements at 10 Hz generates 36 000 datapoints for
each magnetic component. As we will explain later, our

ML algorithms perform better when they use the recent
magnetic history to predict a single elevator position.

Finally, a regression task implies that the ML algorithm
predicts continuous output values, in this case, the Z
position of the elevator. As mentioned earlier, our ground
truth measurements of the elevator’s trajectory are those
intervals in which the elevator is parked, while the
traveling events are approximated by linear interpolations.
The former information suggests a classification task,
training the ML algorithm to make categorical predictions
such as “Parked at Level X” or “Traveling up/down.”
However, this approach introduces large uncertainties for
the traveling events, as it leaves intermediate positions
undefined, which can extend over long durations for the
longer flights. Conversely, the continuous predictions
provide a good approximation of the elevator’s position
throughout its entire trajectory, even if the exact location
remains uncertain.

An overview of the ML training process is displayed in
Fig. 3. In our ML design, at any given time ¢, a predictor is
defined as a “time window” containing magnetic mea-
surements (By, By, Bz) over a fixed interval At [shaded
area in Fig. 3(a)]. The corresponding target is the elevator
position Z.(#), meaning that predictions are made in real
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FIG. 3. Training process for the machine-learning (ML)
algorithm. (Aa) Training dataset, including magnetic signals
as predictors and the elevator’s positions as targets. At any time ¢,
a predictor is defined as a “time window” of duration Af,
containing the most recent magnetic history. The corresponding
target is the ground truth position Z,. (7). (b) ML architecture.
From top to bottom: the input layer allocates the input time
window in a three-channel matrix, passing this information into a
set of convolutional neural networks, characterized by their
number of filters and kernel size, along with nonlinear activation
(N-L) functions. The multidimensional output, corresponding to
the different filters, is flattened into a one-dimensional (1D)
vector by a conversion layer and then input into a series of dense
layers, characterized by the number of neurons, and N-L
functions. The final output is a single value representing the
predicted position of the elevator Z,,.(t) for the input time
window. During a training cycle, the entire set of predictions is
compared to the reference targets, computing the “loss” score as
the average value of the absolute difference. The ML internal
parameters are then tuned, aiming to minimize the loss for the
next cycle. This process is repeated for a fixed number of cycles
or until an early stop criterion is met.

/ POSItion Zyue
/ POSItion Zyeq

Time Time

time by taking into account the most recent magnetic
history. Since the ML algorithm is designed to produce
continuous outputs, we use all Z positions as ground truth
during training, including both parking and traveling
intervals. In contrast, during the evaluation process, we
do distinguish between the ground truth parking positions
and the interpolated approximations by using the A, and
Aack metrics defined previously.

The architecture of our ML algorithm is illustrated in
Fig. 3(b). From top to bottom, the structure begins with the
input layer, which allocates a single predictor: a 3 x N
matrix that represents the time window with the
(Bx, By, B;) components in separate channels (rows),
and N points given by the interval’s length Az and the
time resolution dt = 0.1 s: N = At/dt. This information
is processed by a block of one-dimensional CNN and
nonlinear activation (N-L) functions, which explore long-
and short-range correlations within the data and extract
the most relevant patterns for the next layers. Our ML

algorithm works best with two CNN, each of them having
16 filters (convolutional matrices that analyze the input
data), with kernel sizes 8 and 4 for the first and second
CNN, respectively. During the convolutional process, the
original data are expanded into multiple dimensions (as
many as the number of filters), which are then flattened
into a single vector by a one-dimensional (1D) conversion
layer. This format is required by the next processing block:
a series of dense (or fully connected) layers and N-L
functions. Each dense layer is characterized by a number
of neurons n, which are processing units that receive all
input datapoints, multiply them by internal weights and
add biases, and finally return an output vector with size n.
In our architecture, we progressively downsize the infor-
mation with dense layers of sizes n = 1024, 512, and 1,
until we get a final value as output: the predicted position
of the elevator Z.4(t) for the input time window.

During training, the ML algorithm initializes its internal
parameters randomly and updates them every cycle (or
epoch) to improve the future predictions. In each cycle,
the complete set of predictors are input into the algorithm
and the output predictions Z,.q(f) are compared to
the ground truth Z.(¢), computing a “loss” score equal
to the average value for the absolute difference
|Z pred () = Zye (2)|- The algorithm consequently modifies
its internal parameters with a back-propagation method
[32] trying to minimize the loss for the next epoch [see
arrows connecting [Figs. 3(a) and 3(b)]. This process is
iterated for a fixed number of cycles or until an early stop
criterion is met (see Methods).

In the evaluation process, the ML architecture is fed
with an unseen set of time windows, producing the output
predictions Z,,.q(¢) but not updating the internal param-
eters. The predictions are then compared with the refer-
ence values Z.(t), and the accuracies Apark and Ay, i are
calculated according to Eq. (2). The entire training and
evaluation procedures are repeated for different frames, to
ensure a robust ML performance, and the final accuracies
Apark, min and Ak min are computed using Eq. (3).

D. Optimization of hyperparameters

In any ML algorithm, there are two kinds of parameters:
internal parameters, which are tuned automatically during
the training process; and hyperparameters, which define
global structures and require human input. Examples of the
later are the type and number of layers within the ML
architecture, the type of nonlinear activation function to be
used or the number of points in a time window. By
optimizing hyperparameters, we can significantly boost
the ML performance. In this section, we describe a series
of optimization stages that we carried out to find our best
performing ML algorithm.

As the general condition for each optimization stage, we
studied different options for a single hyperparameter, or a

054003-6



MACHINE-LEARNING-ASSISTED TRACKING...

PHYS. REV. APPLIED 26, 054003 (2026)

reduced combination of them, leaving the other hyper-
parameters fixed. For each option, we evaluated several
possibilities for ML architectures according to the metric
Agack. min Using a tolerance Z,; = 1 m and several frames
for the magnetic data. Among all the results for a single
option, we chose the lowest accuracy as the final score. As
a reference benchmark, we set a minimum accuracy
threshold of 80%, meaning that, on average, eight of
ten predictions are correct every second.

The first optimization stage, which addresses the full-
vector nature of the measurements, is shown in Fig. 4(a):
do we need all (By, By, By) magnetic components for

accurate predictions, or can we use just the scalar field |§|
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FIG. 4. Optimizing the machine-learning hyperparameters. In
progressive stages, multiple options for a single hyperparameter
are studied, training several algorithms and computing the
tracking accuracy with a 1-m tolerance. While the complete
range of results are displayed (shaded bars), only the lowest
results (blue diamonds) count as the final score. We set a
reference benchmark of 80% (red dashed line). (a) First stage:
combinations of magnetic components used as input predictors,
from which the full-vector option is selected (dashed rectangle).
(b) Second stage: duration of time windows. There is an optimal
range from 4 to 6 s, from which we select the shorter time
(dashed rectangle), favoring a simpler computational structure of
the ML algorithm. (c) Final stage: impact of the training dataset
size. Larger sizes improve the tracking accuracy, up to 89.6%
when using the full dataset (6 h). If only an 80% accuracy is
required, using just 0.5 h of measurements is enough.

or a single magnetic projection? This decision has impor-
tant implications for the complexity of the ML algorithm,
as well as for the types of sensing platforms that can be
utilized in this application. For each hyperparameter
option, the final score is represented by a blue diamond,
while the full range of results is shown as a shaded bar.
Noticeably, only the full-vector predictors (Bx, By, By)
overcome the 80% accuracy threshold (red dashed line),
showing little variation across all results. In contrast, all
other magnetic component combinations exhibit low
scores (less than 50%), with great variability in results.

The importance of having the complete magnetic
information in the input data becomes clear when analyz-
ing the large spread in accuracy results. For some frames,
one or two magnetic projections may capture the essential
features of the signal, which explains the higher end for the
accuracy results in options such as the single By. However,
there are other frames where the reduced information
becomes insufficient, hence showing a low performance.
The scalar field option |B|, on the other hand, is invariant
to any frame representation at the expense of losing
directional information, which negatively impacts the
ML performance. Conversely, the full-vector data
(Bx, By, B;) always encode the complete information,
irrespectively of the chosen frame, and achieves consis-
tently high accuracy. Consequently, we choose this option
for the subsequent stages.

The second optimization stage studies the duration of
the time windows: what is the optimal length for accurate
predictions? The results are shown in Fig. 4(b), where we
notice that all options score above 86%, even the single-
point time window (left-most result), which is a simple
magnetic vector. However, we observe an optimal range
approximately from 4 to 6 s (equivalent to 40 to 60 points,
given our 10-Hz measurement rate). We speculate that too
short time windows do not unlock the full potential of the
convolutional layers, while too long time windows provide
excessive information [33]. As shorter time windows
imply less internal parameters for the ML algorithm,
which is translated into faster training and less chances
to overfit the data, we choose a 4-s duration as the optimal
length.

Further optimization stages are described in the
Methods section, resulting in the ML architecture shown
in Fig. 3(b). Fine details of the algorithm include the
type of nonlinear activation functions, defined as hyper-
bolic tangent (“tanh”) in all cases, the global Adaptive
Moment Estimation (“adam”) optimizer and the 0.0001
learning rate.

For the best ML architecture, we finally evaluate the
effect of the training dataset size (measured in recording
hours) on the tracking accuracy performance, as illustrated
in Fig. 4(c). As expected, the larger the training dataset the
better the accuracy, reaching an optimal value of 89.6%
with 6 h of measurements. We also notice that the
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performance is reaching a limit at this point, suggesting
that while the dataset size is critical for training the ML
algorithm, it is not the only factor. Other contributions are
likely related to the uncertainty in the magnetic measure-
ments, set by the magnetic noise floor, unexpected events
and imperfections of the target object. In other words, we
do not expect perfect predictions in a real-world scenario.
On the other hand, if the monitoring application requires
80% tracking accuracy, recording just half an hour of
measurements is enough to train the ML algorithm, which
is a reasonable time if the access to ground truth mea-
surements is limited or if there is a need for periodical
recalibrations.

As a final comment, we studied the possibility of
artificially augmenting the training dataset to reduce the
measurements time even further. For this purpose, we
reduced the original training dataset to a fraction and then
generated similar copies which introduced random var-
iations for the predictors, while the ground truth targets
remained unchanged. When the ML algorithms were
trained with the augmented predictors, the results showed
that data augmentation, by any amount, did not improve
the performance, and in most cases made it worse (see
Supplemental Material [30]). This result reinforces the
advantage of training the ML algorithm exclusively on
experimental data: synthetic information cannot be easily
used as a substitute of the real measurements. If carefully
engineered, artificial data may emulate reality, but that
would require prior knowledge about the system, and this
is precisely the limitation that we are overcoming with
our method.

E. Final performance

After selecting the optimal hyperparameters for the
ML architecture, we compute the final performance of
the algorithm using the testing dataset, which spans 6 h
of measurements, and a collection of 65 randomly
generated frames for the magnetic data projection. We
compute both the tracking and parking accuracies
according to Eqgs. (1)-(3), using a position tolerance
Ztol =1m.

The input magnetic fields from a 1-h segment of the
testing dataset are shown in Fig. 5(a), for a particular frame
in which there are not clean magnetic axes, making the
data analysis apparently difficult from a human perspec-
tive. After these data are fed into the ML algorithm, the
predicted Z positions are compared with the reference
ground truth, see Fig. 5(b). The prediction accuracies,
when computed in the entire testing dataset and the
65 frames, are A e min = 88.9% (general tracking) and
Apark, min = 94.9% (only parking positions), as displayed
in Fig. 5(c). Following this result, we demonstrate that our
ML method can reliably monitor the position of the
elevator in real time, with an average of nine out of ten
predictions correct every second.
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FIG. 5. Final performance for the object-monitoring machine-
learning application. (a) Input magnetic predictors from a seg-
ment of the testing dataset, in a particular frame where the
environmental noise is distributed across all magnetic compo-
nents, making the data analysis apparently difficult from a
human perspective. (b) Predictions for the target’s position
(red solid line), compared with the ground truth (teal dashed
line). Parking levels are indicated with faint horizontal lines.
(c) Tracking and parking accuracies evaluated in the entire
testing dataset (6 h) across 65 randomly generated frames for the
magnetic data projection. The final performance is defined as the
lowest result within these frames. (d) Parking accuracy examined
for each parking level, demonstrating that predictions are more
than 90% accurate except for those related to level 4.

In addition to the global results, the parking accuracy is
examined in the different parking levels in Fig. 5(d),
meaning that the predictions are separated in groups
associated to each (ground truth) parking level. This
analysis shows that the parking predictions are very
accurate (Apyk, min > 90%) for all parking levels except
for level 4 [Z = 11.5 m in Fig. 5(b)]. We speculate that at
this position the elevator’s car and counterweight are close,
in a geometric configuration that produces a complex
magnetic signal which is easily obscured by the noise and
confused by the ML algorithm with the neighboring
positions (see Supplemental Material [30]). In fact, if we
increase the position tolerance to Z,,; = 4 m, the predic-
tion’s accuracy becomes higher than 99% for all parking
levels (see Supplemental Material [30]), demonstrating
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that the incorrect predictions in the previous case were
assigned to the adjacent parking levels or in-between, and
not anywhere further.

Throughout all previous analyses, we have studied the
performance of the ML algorithm related to a fixed
tolerance value Z,,; = 1 m, which is small compared to
the parking levels separation (approximately 4 m), and
allows for a certain parking level identification. However,
we can extend the analysis and explore the tracking
resolution of our ML method for the general tracking
task, in terms of position tolerance. By following the
same procedure described at the beginning of this section
but for a continuous Z-position tolerance, we compute
the tracking accuracy Agu,ck. min @s a function of Z,, as
displayed in Fig. 6(a). For a minimum accuracy of 80%,
the tolerance can be set as low as 30 cm, demonstrating
the precision and robustness of our monitoring application.
As previously described in Fig. 5(a), the tracking accuracy
for Z,; =1 m is 88.9%, while the ultimate limit of
Z.,) = 2 m, which still guarantees a reliable identification
of the closest parking level, increases the performance up
to Atrack, min — 95.0%.

Finally, we show a complete map of the tracking
accuracy Ay, for each frame F(6,¢,a) in Fig. 6(b),
for a 1-m position tolerance. The map projects the polar 6
and azimuth ¢ coordinates of the different rotating axes
(in the laboratory frame), while the rotating angle is fixed
to @ = 90° (see Methods), with each point representing
the prediction results, color-coded by the accuracy value.
Across all frames, the accuracy variability is less than 3%,
demonstrating the robustness of the ML algorithm. In
addition, as there is no clear spatial pattern for the accuracy
distribution, we speculate that this small spread is
most probably coming from the effect of the random
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FIG. 6. Tracking accuracy as a function of the Z-position
tolerance. (a) The monitoring performance of the machine-
learning algorithm is studied for a continuous range of tolerance
values, using a collection of 65 randomly generated frames for
the magnetic data projection. The final score is defined as the
lowest accuracy across all frames (solid blue line), while the full
range of results is displayed as a shaded area. For an accuracy
threshold of 80%, the tolerance can be as low as 30 cm.
(b) Distribution of tracking accuracy results (color-coded) in
the different frames using a 1-m position tolerance, projected
according to the polar and azimuth coordinates that describe
each frame.

initialization of the ML internal parameters rather than
from a geometrical configuration.

III. DISCUSSION

In this work, we have developed a machine-learning
algorithm trained exclusively on experimental data,
obtained by a quantum diamond magnetometer, to monitor
in real time the activity of a moving magnetic target within
a noisy environment. The ML performance was classified
into two different accuracies: general tracking Ay,ck. min
and parking position Ay, min- When using a 1-m position
tolerance to evaluate the correct predictions, the perfor-
mance i8S Agpaek, min = 88.9% and Api min = 94.9%. If
only an 80% accuracy is required for the general tracking
task, then the position tolerance can be as low as 30 cm.

While machine-learning has been applied to similar
monitoring challenges, this is the first reported method for
real-time magnetic tracking based on pure experimental
training, without the need of building intricate physical
models or simulations. As a matter of fact, the ML method
can be improved with more information, models and
simulations, by augmenting the training dataset or provid-
ing rules for the predictions. For example, the predictions
in Fig. 5(b) show unstable positions at some parking
intervals, implying that the elevator is going up and down
too fast. If we incorporated physical-informed rules to the
deep learning structure, such as penalizing the algorithm
for predicting too large “jumps” in position, the accuracy
would increase. Although any improvements are benefi-
cial, the simple ML architecture that we have developed in
this work follows a very easy implementation with a
demonstrated high performance.

An example of enhancing the ML performance by
adding more information is to provide a better interpola-
tion method between parking intervals. Our choice of
linear approximation is not entirely realistic as it implies
instant acceleration at the beginning and end of each
flight, although it provides a good position estimation.
Alternatively, we have experimentally measured the ele-
vator’s acceleration profile and built a physical model for
the position as a function of time, see the Supplemental
Material [30] for more details. When the ML algorithm is
trained with this type of interpolation, by the end of the
final optimization stage, the tracking accuracy slightly
improves from the previous 89.6% to 91.1%. For this
particular scenario, a 1.5% gain probably does not justify
the effort of acquiring the additional acceleration mea-
surements and physical model. However, the takeaway
message is that the basic ML algorithm can be improved as
much as the user wants for their particular application, at
the expense of more knowledge and/or computational
design, but the baseline performance is already high.

The applicability of this research can be extended to
a wide range of situations where magnetic objects
move within a relatively controlled (though complex)
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environment, meaning that the external perturbations are
limited. This is the critical factor for the supervised ML
algorithm, as it must be trained with experimental data
and account for a reasonable number of outcomes. In a
continuously changing environment, where significant and
distinct magnetic perturbations occur frequently, the train-
ing dataset cannot cover all possibilities. Conversely, in a
controlled environment where magnetic perturbations
remain within some boundaries, like the strong but steady
noise from the distant electrical trams in our work, the ML
algorithm can learn general trends and make accurate
predictions, just from experimental data. For example, we
could apply our method to monitor magnetic objects in
underground mines or tunnels (where the magnetic envi-
ronment is relatively free from external factors), such as
vehicles or miners carrying magnetic beacons. The more
complex the environment and target signals, the larger the
required training dataset. Nevertheless, training the ML
algorithm is a one-time investment, and it can be a solution
for problems where theoretical models or simulations are
not available.

Our application integrates a quantum sensing platform
with a machine-learning algorithm to solve a problem that
is hardly approachable from a conventional point of view.
The adaptability of our approach, where the magnetic
sensor and ML design can be customized to the specific
requirements of the problem, makes it a versatile and
promising solution for a wide range of object-monitoring
applications based just on experimental measurements.
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APPENDIX A: QUANTUM DESCRIPTION OF
NITROGEN-VACANCY DEFECTS

The NV defect is a substitutional nitrogen atom adjacent
to a vacancy aligned along the (111) crystallographic axes
of the diamond lattice, which behaves as a spin-1 system.
The ground state spin triplet includes a nonmagnetic
mg = 0 state and two energy-degenerate mg & 1 states
which are separated from the mg = 0O state by a zero field
splitting of 2.87 GHz. The full Hamiltonian describing
the energy levels can be found in the Supplemental
Material [30]. When exposed to an external magnetic
field, the ground state magnetic levels mg = +£1 split due
to the Zeeman interaction. The energy level splitting is
proportional to the magnetic field projection along the NV
axis, meaning that each NV defect accounts for specific
magnetic information according to its orientation in the
crystal lattice. Any external magnetic field vector can be
reconstructed by measuring the magnetic field projections
along the four possible NV axes within a dense NV
ensemble in the diamond.

APPENDIX B: EXPERIMENTAL SETUP

The quantum diamond magnetometry setup is described
below in three main sections concerning the optical,
electronics and lock-in setups.

1. Optical setup

The magnetic sensing unit is a 3 x 3 x 0.5 mm? dia-
mond chip (DNV-B14) from Element-6 with a typical NV
concentration of 4.5 ppm. A high power laser (Laser
Quantum Opus 532, 6 W) is used to illuminate the
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diamond, at a power of 500 mW during normal operating
conditions. The laser output passes through an optical
isolator (Thorlabs 10-5-532-HP), half waveplate (Thorlabs
WPH10M-532), beam sampler (thorlabs BSF10-A), two
steering mirrors (Edmund No. 38-893) and a f = 500 mm
focusing lens (Thorlabs AC254-500-A-ML). A final mir-
ror is then used to direct the focused laser beam through a
I-mm diameter hole in the printed circuit board (PCB)
with the embedded microwave (MW) antenna design [35].
With approximately 320 mW of green excitation measured
just before illuminating the diamond, 10.6 mW of NV
photoluminscence (PL) is measured.

PL from the diamond is collected using a compound
parabolic concentrator (Edmund No. 17-709), followed by
two back-to-back aspheric lenses condenser (Thorlabs
ACL25416U-B), a 635-nm longpass filter (Semrock
BLPOI1-635R-25) and a large area photodetector
(Thorlabs PDA36A2). A small portion of the laser output
picked off using the beam sampler is directed toward a
second photodetector (Thorlabs PDA36A2) for common-
mode rejection of laser intensity noise after passing through
a continuously variable neutral density filter (Thorlabs
NDC-50 C-2M) and a 532-nm bandpass filter (Semrock
FF01-524/24-25). The common-mode rejected photodetec-
tor signal is then simultaneously digitized by eight ac-
coupled analog-to-digital converters (ADCs) at a sampling
rate of 202.8 kSa/s (4x National Instruments (NI) PXI-4461
modules housed within a NI PXIe-1062Q chassis) and
averaged in software to reduce quantization noise.

2. Electronics setup

Four MW synthesizers (2x Agilent E4432B, 2x Agilent
E4433B) are used to generate four frequency-modulated
(FM) multitone signals to address four of the eight NV
resonances and their three hyperfine spin transitions spaced
+2.158 MHz apart. The FM square waveforms are gen-
erated by four digital-to-analog converters at a sampling rate
of 202.8 kSa/s from four analog outputs on two of the NI
PXI-4461 modules. A 10-MHz oven-controlled crystal
oscillation clock source is used to synchronize all MW
synthesizers and modules housed within the NI chassis by
connecting in a daisy-chain manner.

The MW signal from each synthesizer passes through a
dc block (Minicircuits BLK-89-S+) and an isolator
(Microwave Associates MZG-3000) before being com-
bined with each other using three power combiners
(Minicircuits 7X10Q-2-34-S+). An amplifier
(Minicircuits ZHL-5W-422+) is then used to amplify
the combined MW signal before sending the signal to
the embedded PCB MW antenna.

3. Lock-in setup

The lock-in demodulation of the common-mode
rejected, averaged, and frequency-modulated PL response
is performed in software. First, a tenth-order Butterworth

highpass filter with a cutoff frequency at 1500 Hz is
applied. The filtered signal is then mixed with the
four square reference waveforms individually. Each
demodulated trace is then lowpass filtered (tenth-order
Butterworth, 53 Hz), removing the 2f; second harmonic
component. Finally, the demodulated and filtered traces
are decimated and averaged by a factor of 20 280, down-
sampling from 202.8 kSa/s to 10 Sa/s.

APPENDIX C: TRAINING AND TESTING
DATASETS

The total set of measurements, including magnetic
signals and the elevator car’s position, comprises 12 h
acquired in five different segments. We only include
daytime measurements, when the elevator is actively used.
All timeseries for magnetic and position measurements
can be found in the Supplemental Material [30], along with
a histogram for the By component in the laboratory frame
where eight peaks can be resolved, corresponding to the
eight parking levels within the building (Supplemental
Material [30]). The complete dataset spans 426 496 points
for each magnetic component and target position, which is
split equally into the training dataset (211 756 points) and
testing dataset (214 740 points).

APPENDIX D: FRAMES FOR MAGNETIC DATA

The original magnetic data, projected into the laboratory
frame XYZ, can be converted to any other frame X'Y'Z’ by
a rotational transformation around an axis 71 by an angle a.
We identify a rotated frame F(6, ¢, @) by the polar 6 and
azimuth ¢ spherical angles (expressed in the laboratory
coordinates) of the rotating axis 7 and a rotating angle a.
The mathematical description of the rotating transforma-
tions can be found in Supplemental Material [30].

In the main Secs. II B and II C, the ML algorithms are
trained and evaluated in the following frames: laboratory
[Fig. 2(e) top], equivalent to F(0°,0°,0°); F(67°,59°, 120°)
where the noise is partially distributed; and F(58°,61°,90°)
where the noise is evenly distributed across all magnetic
components [Fig. 2(e) bottom]. In the main Sec. ITE,
multiple rotational frames are generated by randomly
selecting the spherical coordinates within ranges
0€(0°90°] and ¢ € (0°360°, and fixing the rotating
angle to a = 90°.

APPENDIX E: DATA NORMALIZATION
AND TIME WINDOWING

As machine-learning algorithms perform better with
normalized input data [36,37], we apply a normalization
process to our magnetic datasets. This process converts the
values of each magnetic component into a dimensionless
scale, centered at zero and with unitary amplitude. First,
we account for the Earth’s background magnetic field,
which remains effectively constant in our measurement
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timescale (see Supplemental Material [30]) by subtracting
the mean value in each magnetic component. Next,
we identify the maximum scalar value B, within the
training dataset and define the normalization factor as

Boorm = Buax/V/3. Finally, all the data (both training and
testing datasets) are divided by B, resulting in dimen-
sionless datasets with zero mean value and variance
smaller than 1. In the main text, the magnetic data shown
in figures are already normalized, with the exception of
Fig. 2(e). There, we show the original magnetic variations
for each component, after subtracting the Earth’s mag-
netic field.

Following data normalization, the magnetic information
is processed into time windows with a fixed duration At,
which are the input units for the machine-learning algo-
rithm. For each time ¢ associated with the elevator’s car
position Z(7), the corresponding time window contains the
magnetic information within the time interval [t — Az, 1].
These data are processed as a Ncpannels X Npoings MAtrix,
where N pannels 15 the number of magnetic components that
are used as input data, e.g., N panneis = 3 for the full-vector
option (Bx, By, Bz), and Ny is the number of mea-
surements within the interval [r — A¢, 1].

APPENDIX F: GENERAL ARCHITECTURE
FOR ALL ML ALGORITHMS

The ML architecture shown in Fig. 3(b) is structured in a
series of layers which are representative of all the
algorithms we have explored. Although the hyperpara-
meters of each layer may change in a particular design, we
always use the following sequence: (i) input layer (pre-
dictors); (ii) set of one-dimensional convolutional neural
networks (1D-CNN) layers, nonlinear activation functions
(N-L) and optional pooling layers; (iii) one-dimensional
conversion layer; (iv) set of dense layers, N-L and optional
dropout layers, always including a final dense layer with a
single neuron; and (v) output layer, a single value repre-
senting the position of the elevator’s car (target). Notice
that the architecture illustrated in the main text does not
include any pooling or dropout layers, which are optional.
A detailed explanation for each of the architecture ele-
ments can be found in Supplemental Material [30].

In addition to the sequence of layers, all the ML
algorithms are characterized by the following global
hyperparameters: Mean absolute error as the loss function;
validation fraction of 25% during training; early stop
criterion of Ngyqy = 15 training cycles without any
improvement in the validation loss score; and maximum
number of training cycles equal to N, = 200. For the
final training stage, in which we use the optimized
hyperparameters, we extend the early stop criterion to
Neay = 30 and the maximum number of training cycles
to N = 400.

APPENDIX G: TRAINING STAGES FOR
HYPERPARAMETERS OPTIMIZATION

Our best ML architecture is built after a sequence of six
optimization stages, focused on the following hyperpara-
meters: (i) input magnetic components; (ii) time window’s
length; (iii) main architecture (variations within the layers’
structure); (iv) global hyperparameters; (v) fine architec-
ture (local hyperparameters); and (vi) training dataset
size. Stages 1, 2, and 6 are described in the main text
(Fig. 4), while the complete description is available in
Supplemental Material [30]. After the final optimization
stage, we keep the best ML architecture described in the
main text, which has 1019 297 internal parameters.

In all the optimization stages, the performance of every
hyperparameter option (i.e., the lowest tracking accuracy)
includes the accuracy results of several ML architectures.
Each architecture design was trained and evaluated in
three frames for the magnetic data: F(0° 0°0°),
F(67°,59°,120°), and F(58°61°,90°); as well as three
different random seeds for the initialization of internal
parameters. Therefore, each shaded bar containing all
accuracy scores in Fig. 4 includes nine results per ML
architecture, multiplied by the number of evaluated archi-
tectures (which varies according to the optimization stage,
see Supplemental Material [30]).

APPENDIX H: ML LIBRARIES AND
COMPUTING RESOURCES

The programming code developed in this work was
written in PYTHON 3.10 with TENSORFLOW 2.11.0. All ML
training processes were carried out on a personal laptop:
Lenovo ThinkPad X1 Extreme Gen 5, 12th Gen Intel®
Core™ 17-12800H, equipped with a NVIDIA RTX
GeForce 3050 Ti GPU. Considering the architecture of
our best model, the training time for 400 epochs is
approximately 40 min. Once the model is trained, the
prediction time for a single time window is approximately
0.6 ms (much faster than our 10-Hz measurement rate).
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