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Machine learning for improved current-density reconstruction from
two-dimensional vector magnetic images
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The reconstruction of electrical current densities from magnetic field measurements is an important
technique with applications in materials science, circuit design, quality control, plasma physics, and
biology. Analytic reconstruction methods exist for planar currents, but break down in the presence of
high-spatial-frequency noise or large standoff distance, restricting the types of systems that can be studied.
Here, we demonstrate the use of a deep convolutional neural network for current density reconstruction
from two-dimensional images of vector magnetic fields acquired by a quantum diamond microscope .
Trained network performance significantly exceeds analytic reconstruction for data with high noise or
large standoff distances. This machine learning technique can perform quality inversions on lower-signal-
to-noise-ratio data, significantly reducing the data collection time and permitting reconstructions of weaker
and three-dimensional current sources.

DOI: 10.1103/PhysRevApplied.23.034035

I. INTRODUCTION

The study of electric current distributions through imag-
ing of Oersted magnetic fields has supported applications
in many areas of physics, engineering, and medicine, in
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part due to its noninvasive nature [1]. Such applications
include assessment of integrated circuits [1–7], micro-
electronics [8–10], batteries [11–13], solar panels [14,15],
superconducting tape and wires [16,17], mechanical joints
[18], fault analysis [19], superconducting materials and
qubits [20–22], exotic materials [23–26], new semiconduc-
tor technology [27,28], and eddy current imaging [29]. In
medicine, imaging of magnetic fields generated by currents
in biological tissues allows detailed and unique study of the
heart, brain, and skeletal muscles [30–36].

To enable these studies, current density distributions
confined to thin planes are traditionally calculated utiliz-
ing Fourier space relationships between the source cur-
rent density and the measured magnetic field. Despite its
widespread usage, this “Fourier method” for the magnetic
inverse problem (i.e., the current density reconstruction
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problem) cannot effectively address high-noise measure-
ments [37]; it also performs poorly when the standoff
distance between the measured magnetic field and the
source current density is greater than the feature size of the
current distribution. Due to these limitations, the Fourier
method sometimes results in poor analytic reconstructions
[7,37]. These drawbacks most heavily impact its utility for
systems with small features or restricted standoff distance,
such as nondestructive quality control and failure analysis
of intact semiconductor chips, imaging of wires through
walls or device boundaries, and noninvasive measurements
of biological systems, which commonly exhibit weak mag-
netic field signals and small, irregular features [30].

Due to the poor reconstruction performance of the
Fourier method in the low-signal-to-noise ratio (SNR)
regime and/or at large standoff distance, many repeated
magnetic field measurements are typically required to
achieve sufficient SNR, significantly slowing the mea-
surement process and leading to systematic errors related
to drift in the measured system or instrumentation [38].
An alternative current reconstruction technique requiring
fewer measurements could enable higher-fidelity results,
the study of dynamic processes in samples that would oth-
erwise be immeasurable, and greatly increase the speed of
device quality control applications.

Neural networks excel at tackling a variety of image-
based inverse problems [39–42]. While early attempts at
applying neural networks to the magnetic inverse prob-
lem operated in highly restricted parameter spaces [43,44],
advances in computing power and machine learning tech-
niques show promise for identification of current density
features of unrestricted sizes, shapes, and strengths in noisy
images [45].

Recently, a physically informed network, trained to find
the current density distribution that best reproduces the
input magnetic field, has demonstrated success in low-
noise regimes, and can even can outperform the Fourier
method [46,47]. While this approach has the benefit of not
requiring independent training data, it is not suitable for
high-noise inputs, as the network will seek to reproduce all
input features including noise. A network trained with data
pairs of noisy magnetic field inputs and associated cur-
rent density distribution targets could allow the network
to learn to differentiate signal from noise in the magnetic
input signal. In particular, convolutional neural networks,
including UNets [48], have shown impressive results in
medical imaging reconstruction problems with regard to
denoising and artifact reduction [49,50], and more gen-
erally in preserving structural features [39]. In addition
to the demonstrated performance of UNet architectures,
using a fully convolutional network reduces the computa-
tional demand of training with large images, and produces
a network which can accept images of multiple resolutions.
Both advantages stem from the fact that convolutional
layers act by convolving a filter kernel with the input

data. Unlike linear layers, the size of the filter kernel is
independent of the size of the input, allowing flexibility
in inference and enabling training with higher-resolution
data.

In this work, we present an adapted UNet architec-
ture, Magnetic Inverse Calculation UNet (MAGIC-UNet),
designed for reconstructing current density images from
vector magnetic field images with greater accuracy than
the Fourier method. The MAGIC-UNet network is tested
on a variety of synthetic data types and experimentally
collected Oersted magnetic field images using a quan-
tum diamond microscope (QDM). The QDM utilizes a
dense, near-surface layer of nitrogen-vacancy (N-V) quan-
tum defects in a diamond substrate to enable sensitive
magnetic imaging, with micron-scale spatial resolution,
via optical emission of the N-V defects [38]. The MAGIC-
UNet network is trained, in less than 12 hours, on hundreds
of thousands of field-current image pairs generated analyt-
ically through Biot-Savart forward calculations of vector
magnetic fields from randomly generated planar current
density distributions [Fig. 1(a)]. We present current density
reconstructions from both simulations and QDM experi-
ments utilizing the MAGIC-UNet network, demonstrating
greatly enhanced performance compared to the Fourier
method, and reliable reconstructions even in the presence
of extreme noise (input SNR ∼ 1).

II. NETWORK ARCHITECTURE

Characteristic of UNet architectures, MAGIC-UNet
combines low and high resolution image filtering through
a series of convolutional layers [48]. The purpose of the
network is to take a vector magnetic field image measured
in a plane above the sample (expressed in components Bx,
By , and Bz for each pixel in the image), and output the
associated planar current density distribution (components
Jx and Jy) for each point in the source plane. The network
architecture is divided into a downsampling portion fol-
lowed by a branched upsampling portion, with one branch
for each component of current density.

The MAGIC-UNet network begins image processing
with a series of downsampling steps that reduce the image
size and allow the network to capture low-level features
[39]. During this process, the resolution of a given input
image is reduced by a factor of 2 for each step, while the
number of channels is increased by 2. After three down-
scaling iterations, a similar upsampling process occurs that
increases the resolution, ultimately producing final outputs
of the same resolution as the starting images. In addition,
layers from the downsampling path are directly connected
through skip connections to upsampled layers of the same
resolution to bypass intermediate layers. These connec-
tions enable the preservation of structure in the data across
multiple resolutions that would otherwise be lost due to
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(a)

(b)

FIG. 1. (a) Illustration of the training process. The MAGIC-UNet network is trained on field-current pairs, taking inputs of vector
magnetic field images and making predictions of planar current density distributions. After each batch, the predicted currents are com-
pared to the ground truth using mean squared error; and then network weights are updated to improve the accuracy of the prediction.
After many iterations the network will have learned to make quality predictions for unknown currents. (b) Diagram showing the struc-
ture of the MAGIC-UNet network. Each colored block represents a layer of the given number of channels, which is indicated above
the blocks. Downsampling uses a 2 × 2 average pooling layer; upsampling also includes a 3 × 3 convolutional layer. Concatenation is
represented by a C symbol and allows skip connections to join inputs from earlier parts of the network to later stages. The network
has a branched structure with separate paths for Jx and Jy , which do not interact.

downsampling. Skip connections also ameliorate the van-
ishing gradient problem by allowing gradients to flow to
earlier layers before the gradient diminishes [51]. We omit
the first skip connection as we find it does not impact
MAGIC-UNet performance.

During each iteration of the downsampling pathway, a
padded 3 × 3 convolutional layer is applied, followed by
feeding layers through a batch normalization layer and a
rectified linear unit (ReLU) activation function. This pro-
cess is repeated three times before downsampling with a
2 × 2 average pooling layer with a stride of 1. Average
pooling layers are used instead of max pooling layers, as
all image details and features are important to our objec-
tive. When all downsampling is completed, the network
forms two branches that upscale separately, processing
Jx and Jy , respectively. The network first performs a 2 × 2

upsampling convolution, then uses a skip connection to
concatenate the channels from the downsampling path-
way to the channels from the upsampling pathway of the
same resolution. The process of applying a 3 × 3 convo-
lutional layer, batch normalization, and ReLU activation
occurs three times. Specific interlayer connections and data
resolutions at each step are depicted in Fig. 1(b).

III. RESULTS

Using diverse validation datasets, the MAGIC-UNet
network and Fourier method are tasked with producing
Jx,y field inversions from vector magnetic field images
both synthetic [Fig. 2(a)] and experimental, and the per-
formance of the two methods is compared; see Tables I
and II, as well as the discussion in Appendix A. The
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(a)

(b)

(c)

(d)

×

FIG. 2. Current density predictions for synthetic (simulated) vector magnetic field images. The validation (input) dataset includes
magnetic field images in a plane separated by 50 ± 10 µm from the planar current density distribution. (a) x-, y-, and z-components
of an example input magnetic field image, including added Gaussian noise at σ = 0.5. (b) MAGIC-UNet current density predictions
for input shown in (a), with x- and y-components shown separately. (c) Linecuts showing the current density magnitude comparing
the ground truth (black), MAGIC-UNet (blue), and Fourier method (red). The location of the linecuts is indicated by the dashed lines
in (d). (d) Current density magnitude showing (left to right) the ground truth, MAGIC-UNet, and Fourier method predictions for input
shown in (a). The Fourier method image has been globally multiplied by 3 to allow it to be visible on the same scale as the other two
images. Scale bars are 400 µm for all planar images shown in (a),(b), and (d).

accuracy of the inversions is evaluated by comparing to
ground truth current densities using both qualitative and
quantitative methods. As discussed below, MAGIC-UNet
outperforms the Fourier method by all metrics across all
types of magnetic field input data.

We begin by assessing the performance of MAGIC-
UNet and the Fourier method on a synthetic validation
dataset, with standoff distances for each synthetic image
sampled from a random distribution with mean 50 µm
and standard deviation 10 µm to mimic the variation and
uncertainty of an experimental dataset. While the exact
standoff distance is used in the Fourier method calculation,

TABLE I. Average structural similarity index measure (SSIM)
for the Jx and Jy channels of MAGIC-UNet and the Fourier
method for the five classes of data in the validation set, as well as
a set of out-of-distribution data. The right angle, all angles, and
thick straight classes can contain 1, 2, or 3 closely spaced current
planes, while the thin curves and thick curves form shorts where
currents overlap. Uncertainties for all average SSIM values are
very small (≈ 0.0001).

MAGIC-
UNet Jx

MAGIC-
UNet Jy

Fourier
method Jx

Fourier
method Jy

Right angle 0.895 0.898 0.421 0.421
All angles 0.901 0.904 0.455 0.455
Thick straight 0.900 0.902 0.359 0.359
Thin curves 0.962 0.962 0.356 0.358
Thick curves 0.950 0.947 0.396 0.399
Out-of-distribution 0.948 0.947 0.519 0.514

MAGIC-UNet is able to reconstruct accurate current densi-
ties without access to this information—a practical feature
for experimental applications.

Based on the visual fidelity of current density maps,
MAGIC-UNet predictions closely resemble ground truth
Jx and Jy . The network performs notably well in addressing
complex �J features, including overlapping wire structures
and sections with nonuniform current density [e.g., see
Fig. 2(b)]. Comparatively, the Fourier method consistently
produces diffuse noise artifacts, blurring, and substantial
smoothing of current edges. In addition to visual features,
the peak current density values predicted by MAGIC-
UNet are more accurate than those of the Fourier method,
which predicts peak current densities 2–3 times smaller
than the true values; an example of this behavior is shown
in Fig. 2(c).

For quantitative evaluations of inversion accuracy, we
primarily employ the structural similarity index measure
(SSIM), a metric used in image processing applications

TABLE II. Average SSIM for the Jx and Jy channels of
MAGIC-UNet and the Fourier method, for the three data classes
that contain multiple closely spaced current planes. Uncertainties
for all average SSIM values are very small (≈ 0.0001).

MAGIC-
UNet Jx

MAGIC-
UNet Jy

Fourier
method Jx

Fourier
method Jy

One plane 0.966 0.969 0.411 0.412
Two planes 0.902 0.907 0.415 0.414
Three planes 0.842 0.845 0.406 0.403
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to examine preservation of structural information. SSIM
compares the inversion to its ground truth. SSIM values
of 0.95–0.99 are generally considered to have minor to
imperceptible deviance from the true current density; val-
ues less than 0.88 are “poor” quality; and values below
0.50 are “bad” quality [52,53]. Additionally, we expand
our quantitative evaluation of inversion accuracy using
root mean square error (RMSE) and peak signal to noise
ratio (PSNR), which emphasize different traits of images.

To study the behavior of the MAGIC-UNet network
and Fourier method under variable levels of noise, we
introduce artificial noise to the simulated input �B data
by applying an additive filter that adjusts pixel values
by random amounts sampled from a Gaussian distribu-
tion. In our analysis, we define the noise level σn of a
magnetic field image as the ratio of the magnetic field
noise standard deviation σ to the maximum value of the
magnetic field magnitude max(

∣
∣ �B∣

∣), across all image pix-
els. This normalization controls the normal distribution
N (μ = 0, σ 2

n ) of the additive filter applied to the image.
For example, a noise level of σn = 0.2 corresponds to set-
ting the standard deviation σ of the distribution N used

in the additive filter process to one-fifth of the maximum
magnetic field magnitude in the image. In general, we
find accurate predictions from MAGIC-UNet for σn = 0.5,
roughly corresponding to an input image data SNR of 2.
MAGIC-UNet is typically able to identify current struc-
tures for noise levels as large as σn = 1.0 (input SNR ∼ 1).
However, network predictions are increasingly distorted
as the noise level is increased; examples are shown in
Figs. 3(a) and 3(b).

A. Quantitative performance

The quantitative performance of MAGIC-UNet sup-
ports its visual fidelity. When inverting validation �B data
and comparing to the ground truth current density �J GT,
MAGIC-UNet achieves SSIM values above 0.95 (corre-
sponding to good image quality) when given validation
data with noise levels σn between 0 and 0.35 (input SNR >

2.8), and SSIM values above 0.88 (corresponding to “fair”
image quality) for σn between 0.40 and 0.70 (2.8 > input
SNR > 1.4); see Fig. 3(c). Overall, SSIM values range
from 0.99 at σn = 0 to 0.84 at σn = 1. In contrast, SSIM

(a) (c)

(d)

(e)(b)

FIG. 3. Comparison of MAGIC-UNet and Fourier method current density reconstructions for simulated input magnetic imaging
data, with varying noise. The validation (input) dataset includes magnetic field images in a plane separated by 40 ± 5 µm from
the planar current density distribution. (a) z-component of an example input magnetic field image with added noise, and resulting
magnitude of current density predictions for MAGIC-UNet and the Fourier method. Three levels of noise are shown, for the same
underlying ground truth, corresponding to σn = 0.2, 0.5, and 1.0. (b) Ground truth z-component of magnetic field image and current
density magnitude. (c) Average SSIM for MAGIC-UNet (blue circles) and the Fourier method (red squares) determined from validation
data with different values of noise. (d) Average RMSE across the validation data for MAGIC-UNet and the Fourier method. (e) Average
PSNR across the validation data for MAGIC-UNet and the Fourier method. Gray boxes in (c)–(e) correspond to noise levels displayed
in (a). Scale bars are 400 µm for all planar images shown in (a),(b).
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values for Fourier method predictions span 0.71 to 0.32
over the same range, classifying as “poor” between noise
levels of σn = 0.0 and σn = 0.4 (input SNR > 2.5), and as
“bad” for σn > 0.45. Throughout these tests, the MAGIC-
UNet network does not favor any particular current density
component: the difference in average SSIM for Jx and Jy
does not exceed 1% of their total values, performing sim-
ilarly in this regard to the Fourier inversions (see Tables I
and II).

SSIM performance is similar across all types of in-
distribution data, with the exception that distributions with
multiple current planes lead to significantly worse aver-
age SSIM values for MAGIC-UNet predictions (Table II).
To check for overfitting, we compare these results to the
SSIM of reconstructions of out-of-distribution validation
data. This out-of-distribution data, primarily consisting
of straight and curved wire segments, are generated
using a separate algorithm than for training and valida-
tion data, with corresponding magnetic fields simulated
using COMSOL Multiphysics® instead of the analytic pro-
cess described in Sec. V (see also the discussion in
Appendix A). For the example out-of-distribution data,
MAGIC-UNet achieves an SSIM value of 0.962 at noise
level σn = 0.5, which is within the range of the in-
distribution single-layer datasets. However, when tasked
with performing inversions on test data far outside of
the distribution, such as intricate, branching wires with
nonuniform width, MAGIC-UNet achieves an SSIM of
0.88 at σn = 0.5, showing that the network has not learned
a fully general version of the inversion and may be biased
towards distributions more similar to the training datasets.
Interestingly, the gap between performance on in- and out-
of-distribution validation data disappears at the highest
noise levels, suggesting these effects are more important
for ensuring high-fidelity predictions given mild to moder-
ate noise than for approximating the general features in a
high-noise image.

MAGIC-UNet predictions also exhibit less average
error as indicated by the RMSE and PSNR metrics. Mean
Square Error (MSE) and the related RMSE are frequently
used to evaluate regression predictions, as MSE is the
maximum likelihood estimator for data with Gaussian
noise, such as our experimental data, and served as the
loss function during training [54]. The average RMSE of
Fourier method predictions is about 3–4× greater than
the MAGIC-UNet RMSE at every level of noise tested
[Fig. 3(d)]. PSNR is perhaps the most widely used met-
ric in image and video processing and seeks to quan-
tify the ratio between reconstruction errors and the true
signal [55]. PSNR for MAGIC-UNet predictions ranges
from 41.7 dB at σn = 0 to 28.7 dB at σn = 1. Compara-
tively, PSNR for Fourier method predictions ranges from
28.0 dB to 24.5 dB over the same interval [Fig. 3(e)].
The superior RMSE and PSNR for MAGIC-UNet rela-
tive to the Fourier method is manifested by both fewer

FIG. 4. Current inversion for two levels of SNR on exper-
imental (quantum diamond microscope, QDM) magnetic field
imaging data (for information about our method of determin-
ing SNR see Appendix C). The magnetic field images are in
a plane separated from the current source by 65 µm (left col-
umn) and 36 µm (right column). Rows show the z-component of
measured magnetic field images; the current density magnitudes
from MAGIC-UNet and Fourier method reconstructions; and the
wire layout used to generate the source current for magnetic field
images. Low-SNR data are collected from a single-shot QDM
image; while high-SNR data are created from an average of 400
QDM images of the same magnetic field pattern. The wire lay-
outs are cropped and rotated to match the QDM field of view.
Scale bars are 400 µm for all planar images.

noise artifacts and more accurate current density predic-
tions.

When tasked with inverting experimental data collected
using a QDM, MAGIC-UNet shows similar performance
improvements over the Fourier method as seen with syn-
thetic data, including fewer noise artifacts and more accu-
rate wire widths. As an example, the predicted wire widths
in Fig. 4 are visibly much more accurate in MAGIC-UNet
reconstructions than in Fourier method reconstructions,
when compared with experimental QDM magnetic images
and wire layout ground truth.

However, more noise artifacts appear in MAGIC-UNet
reconstructions of experimentally collected images than
in reconstructions of synthetic images with the same σn.
This result is likely due to spatially correlated noise in
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the experimental images due to the fitting process for N-V
optically detected magnetic resonance (ODMR) spectra,
whereas the MAGIC-UNet network is trained on simulated
magnetic field images with uncorrelated Gaussian noise.
See the discussion in Appendix B.

B. Increasing spatial resolution

To facilitate inversions featuring spatially detailed cur-
rent profiles, we assess two methods of increasing the input
spatial resolution of the network. While the MAGIC-UNet
model does not explicitly restrict the input size, the perfor-
mance of the network degrades as the given input diverges
from the image resolution on which the network is trained.
Thus, we train a separate network using 256 × 256 data
and a similar model, but with an additional downsam-
pling and upsampling layer due to the larger input size.
The resulting 256 × 256 resolution MAGIC-UNet per-
forms well on inversions of synthetic data, outperforming
its (nominal resolution) 64 × 64 counterpart for high σn

TABLE III. Average SSIM for 64 × 64 and 256 × 256
MAGIC-UNet and 256 × 256 Fourier method for inversions of
synthetic data with different σn.

SSIM
σn = 0.1

SSIM
σn = 0.2

SSIM
σn = 0.5

SSIM
σn = 1.0

64 × 64
MAGIC-UNet

0.981 0.971 0.925 0.836

256 × 256
MAGIC-UNet

0.976 0.975 0.958 0.923

256 × 256 Fourier
method

0.771 0.754 0.680 0.567

and the 256 × 256 resolution Fourier method at all σn [see
Table III and Figs. 5(a), 5(b)]. The 256 × 256 MAGIC-
UNet network also performs well on low-noise QDM
experimental data, but degrades in performance compared
to its 64 × 64 counterpart on higher-noise experimental
data. This discrepancy may be explained by experimental

(a)

(b)

(d)

(c)

×

FIG. 5. Assessment of methods for efficient current density reconstruction of higher-spatial-resolution images than the (nominal)
64 × 64 resolution MAGIC-UNet network. (a) Comparison of average SSIM for 256 × 256 MAGIC-UNet and Fourier method for
synthetic data of varying σn. The synthetic magnetic field images are in a plane separated by 50 ± 10 µm from the planar current density
distributions. (b) Comparison of current density reconstructions for (top to bottom) ground truth, 256 × 256 MAGIC-UNet, and Fourier
method on synthetic data with σn = 0.5 added noise. Columns show Jx and Jy . (c) Work flow of tiling process. (1) A magnetic field
image is divided into overlapping 64 × 64 sections. (2) Each section is passed separately to the reconstruction protocol (MAGIC-UNet
or Fourier method). (3) The full reconstruction is stitched together from the individual predictions. Overlapping regions are divided
equally between tiles, with duplicate predictions discarded. (d) Comparison of current density predictions using four different methods
for both high- and low-SNR experimental data. QDM Bz images created by a Hilbert curve wire array are shown in column 1 with a
resolution of 230 × 230 pixels. Current density reconstruction methods include a four-tile implementation of 64 × 64 MAGIC-UNet
producing 115 × 115 images (column 2); a 16-tile implementation of 64 × 64 MAGIC-UNet producing 230 × 230 images (column
3); a cropped version of (untiled) 256 × 256 MAGIC-UNet (column 4); and a 230 × 230 resolution version of the Fourier method
(column 5). The QDM magnetic field images are in a plane separated by 45 µm from the current source. Scale bars are 400 µm for all
planar images shown in (b) and (d).
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image artifacts being significantly less Gaussian at 256 ×
256 resolution than in a 64 × 64 pixel image, which is
created through binning of the raw QDM experimental
image.

Although the 256 × 256 MAGIC-UNet network per-
forms well with the exception of high-noise experimental
data, the enhanced resolution substantially increases the
memory and computation time needed for training. To alle-
viate this shortcoming, we implement a tiling method that
can effectively process larger images, with each image
region employing the 64 × 64 resolution MAGIC-UNet
network [Fig. 5(c)]. In this process, higher-resolution
images are segmented into overlapping 64 × 64 pixel tiles.
MAGIC-UNet then processes each tile as if it is a separate
dataset. Once complete, overlapping tiles are trimmed and
recombined into an image with the same resolution as the
starting input. We test both 4- and 16- tile configurations
on experimental data, allowing for resolution upscaling of
approximately 2 and 4 times the linear size. respectively.

As shown in Fig. 5(d), MAGIC-UNet makes satisfactory
predictions using this tiling method, with superior SSIM
to the full-resolution Fourier method for all noise levels.
Note that the performance of the (tiled) MAGIC-UNet net-
work is for a field of view up to four times smaller than the
network training data, which is an interesting result to be

studied in future work, given that the field of view signif-
icantly impacts the analytic transformation underlying the
network architecture. The success of the tile predictions
demonstrates that the MAGIC-UNet network can handle
data outside of the parameter range on which it was trained.
Further work could investigate whether training a network
specifically to handle smaller fields of view for a tiling
application leads to even better performance.

C. Large standoff

To examine the large standoff regime, we test a 64 × 64
(untiled) MAGIC-UNet network trained on magnetic field
data simulated at a standoff distance of 500 ± 50 µm
above the current plane, in contrast to the standoff dis-
tance of 50 ± 10 µm used in all other synthetic data in
this work. This 500 µm distance corresponds to about 5
to 10 times the current source feature size and is there-
fore well beyond the regime where the Fourier method is
expected to perform well. Example results are shown in
Figs. 6(a)–6(d).

In this challenging regime, both reconstruction methods
perform too poorly for our quantitative metrics to provide
meaningful insight. However, it can be observed quali-
tatively that the MAGIC-UNet network performs better

(a) (e)

(b)

(c)

(d)

×

FIG. 6. Assessment of current density reconstruction methods at large standoff distances. (a) Images of x-, y-, and z-components of
magnetic field for synthetic data at standoff distance 500 µm with σn = 0.2. (c) Jx and Jy predictions from MAGIC-UNet for input data
in (a). (c) Linecuts comparing current density for ground truth (black), MAGIC-UNet (blue), and Fourier method (red). (d) Comparison
of ground truth current density magnitude image with MAGIC-UNet and Fourier method predictions. Fourier method prediction is
shown at 3× magnitude in order for it to be visible in the same data range as the other two plots. Dashed lines show the location of
linecuts plotted in (c). (e) QDM Bz images, MAGIC-UNet

∣
∣ �J ∣

∣, and Fourier method
∣
∣ �J ∣

∣ for high-SNR and low-SNR experimental data
taken at standoff distance ≈ 500 µm. Scale bars are 400 µm for all planar images shown.
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than the Fourier method. For example, at σn = 0.2, Fourier
method predictions are severely hindered by input image
blurring and edge effects, yielding spatially ill-defined cur-
rent reconstructions in the general area of the current
source. In comparison, MAGIC-UNet predicts spatially
well-defined wires of roughly correct size, albeit with
notably increased artifacts and inaccuracies compared to
input data from a standoff distance of 50 µm. Predictions
on experimental data show a similar pattern: MAGIC-
UNet makes more meaningful predictions for source cur-
rent density than the Fourier method due to its ability to
yield current sources of reasonable width flowing in sim-
ilar directions to the ground truth. Notable deviations of
MAGIC-UNet from ground truth include rounded corners
for wires, as visible in Fig. 6(e).

IV. DISCUSSION

The above results illustrate the utility of MAGIC-
UNet for high-fidelity reconstruction of planar current
density distributions, whether for synthetic or experimen-
tal data, from two-dimensional images of vector Oersted
magnetic fields. Performance of the MAGIC-UNet net-
work, both qualitatively and quantitatively, is consistently
superior to that of a conventional Fourier reconstruction
method, including for cases that degrade the fidelity of
both approaches, for example, reduced input data SNR
(a regime that also reduces the performance of physically
informed networks [46]). The improvement is quite signifi-
cant; for example, applied to 50 µm standoff data, the 64 ×
64 network performs about 10× better than the Fourier
method by RMSE with no noise, and about 2.5× better at
SNR = 1. MAGIC-UNet performs better in SSIM, RMSE,
and PSNR at σn = 1 than the Fourier method does at
σn = 0, showing the capacity to dramatically reduce mea-
surement time which would otherwise be required to pro-
duce high-SNR images for Fourier method reconstruction.
Using SNR = 1 inputs for MAGIC-UNet reconstruction,
which we found to be more accurate than input SNR = 20
Fourier method reconstructions, would allow data to be
collected 400 times faster.

With the ability to utilize faster experimental readout
and associated weaker input signals, we are optimistic
that MAGIC-UNet could be a preferred alternative to the
Fourier method for current density reconstruction from
magnetic imaging data.

A key challenge for future work will be assessing the
utility of the MAGIC-UNet architecture for reconstruc-
tion of three-dimensional (3D) current sources from vector
magnetic field images. Though the unconstrained (general)
magnetic inverse problem does not have a unique solution,
there are 3D solutions for specific cases of interest, for
example, when the current is constrained to discrete wires
[56]. An intermediate step that may first be investigated
is a circuit with current constrained to multiple planes plus

occasional wires between planes. Current reconstruction of
such a “2.5D” circuit might first separate magnetic field
images associated with distinct planes before determining
the associated current densities. �J data could be handled
similarly to the approach of MAGIC-UNet through an iter-
ative process removing the topmost layer, or differently as
a single step that performs the entire transformation for
the entire multiple-plane circuit. Finally, another challenge
for future work is to adapt the MAGIC-UNet methodol-
ogy to magnetization distributions or combined current and
magnetization distributions.

V. METHODS

A. Synthetic data creation and training

We developed a data generation workflow to create
153 600 synthetic �J - �B current-field pairs for model train-
ing and 4096 field-current pairs for validation and testing.
Starting with random shapes produced by multiple wire-
generation algorithms, finite-element simulations in both
COMSOL Mutliphysics® and MATLAB calculate the pla-
nar current density resulting from a voltage difference
across the boundary of the simulated conductive material.
To ensure robust training, we include a wide variety of
wires, including shorts, closely spaced current layers, and
nonuniform current density around corners. Once the cur-
rent density simulations are complete, Oersted magnetic
fields are calculated analytically using the Biot-Savart law.
Additional details regarding training data generation are
provided in the Appendices.

The RMSProp optimization algorithm [57] is employed
for training the network. Training details are documented
in Table IV. The approach to data creation and training
does not require access to specialized equipment or exten-
sive computational time, allowing models to be trained on
demand for different needs. Once the network is trained,
current density predictions can be generated for thousands
of magnetic field images in a few seconds, making the
method extremely efficient.

B. Experimental data

To investigate the utility of the MAGIC-UNet for exper-
imental applications, we used QDM magnetic imaging
data, both from a recently published study [9] (by our
group and collaborators) of a custom printed circuit board
(PCB), and new data, acquired with the same QDM and
PCB at variable standoff distances and noise levels. QDM
magnetic images are obtained using a 4 × 4-mm ensemble
N-V diamond with a 1.7-µm N-V surface layer. (Details
about the QDM are described in [9].) A 5-mA current is
applied to the custom PCB to produce 5̃ µT Oersted mag-
netic fields measured by the N-V centers. Magnetic field
images are collected for three different current geometries,
with standoff distances ranging from 36 to 65 µm for small
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TABLE IV. MAGIC-UNet training details using the RMSProp optimization algorithm. The learning rate is set to 0.0001, while the
training process utilizes 50 epochs with 32 image minibatch size. The loss function is designed to minimize the average mean squared
error between the ground truth current densities and output images of the inference process. Total training time is 11 h using the
TensorFlow 2.10.0 machine learning framework [58] and an RTX-A6000 graphics processing unit with 48 GB memory capacity.

Learning rate Epochs Mini-batch Loss function Library Graphics processor

0.0001 50 32 MSE TensorFlow 2.10.0 NVidia RTX-A6000

standoff and from 486 to 650 µm for large standoff. Larger
standoff distances employ a translation stage to separate
the diamond from the PCB. Both single-shot and averaged
measurements (20 or 400 exposures) are obtained, generat-
ing data with SNR between 4 and 87 for small standoff, and
between 2 and 10 for large standoff. The resolution of the
experiment is limited by resolution of the camera, with a
pixel size of about 2 µm in the raw data; after cropping and
binning to a 64 × 64 image each pixel is approximately
31 µm.

For each image, we obtain two sets of QDM exper-
imental data using a continuous-wave optically detected
magnetic resonance (CW-ODMR) imaging technique: in
one “signal” dataset, the PCB is electrically active and pro-
ducing magnetic fields; whereas for a second “reference”
dataset only the ambient magnetic field environment is
recorded. We then fit signal and reference data with custom
fitting software to extract vector magnetic field compo-
nents at each pixel of the images, subtracting reference data
from signal data to remove artifacts, for example, from fer-
romagnetic components of the PCB and gradients in the
bias magnetic field.

To create different levels of noise in the images, we
vary the amount of averaging of the measured CW-ODMR
data before the fit is performed to determine magnetic field
values per pixel. For high-SNR images, we average 400
measurements at each MW frequency of the CW-ODMR
spectrum; whereas for the low-SNR image we perform the
fit on a single sweep of MW frequency with no signal
averaging.

The QDM employs a pair of 2-inch SmCo magnets
to produce a bias field of approximately 5 mT, aligned
such that the ODMR spectra of the four N-V orienta-
tions are separated, allowing the reconstruction of vector
magnetic field measurements. The diamond, fabricated by
Element SixTM, features a 1.7-µm N-V layer enriched
with nitrogen-15 ([N] = 17 ppm, [N-V] = 2 ppm). The dia-
mond is isotopically purified to contain around 99.995 %
carbon-12.

For CW-ODMR measurements, a Stanford Research
Systems SG384 signal generator produces a sinusoidal
MW waveform that resonates with the N-V spin transi-
tions. The signal is amplified by a Mini Circuits ZHL-
16W-43-S+ high-power amplifier and delivered through a
custom made 7-mm-diameter wire loop located above the
diamond. The N-V layer is optically excited with 1.5 W of

power supplied by a Lighthouse Photonics Sprout-H-10W
laser. A 4× optical objective (Olympus UPlanFL N 0.13
NA), a 633-nm longpass filter (Semrock LP02-633RU-
25), and a CMOS CCD camera (Basler acA1920-155um)
form the N-V photoluminescence imaging system. A Rigol
DG1022U arbitrary waveform generator produces a 100-
mV dc signal used to drive currents through copper wire
traces in the custom PCB, which is mounted on precision
mechanical stages below the diamond. The stages allow
adjustments of the standoff distance of the planar currents
in the PCB from the N-V sensing layer. Figure 7 shows a
schematic of the experimental setup.

N-V layer, 1.7 µm
Solder mask, 18 µm
Copper traces, 14 µm

FIG. 7. Schematic of experimental setup. Magnetic field imag-
ing is performed by a QDM employing continuous-wave opti-
cally detected magnetic resonance (CW-ODMR) measurements
of the N-V sensing layer at the surface of a diamond chip. The
diamond is placed in close proximity to the custom PCB with the
N-V layer facing downwards. A wire loop above the diamond
delivers a microwave (MW) signal for CW-ODMR measure-
ments, driving the N-V electronic spins. Permanent magnets are
positioned to produce a static bias field of approximately 5 mT
aligned to spectrally separate the four N-V orientations. A green
laser optically excites the N-V ensemble, producing red photo-
luminescence focused by an optical objective. A long pass (LP)
filter blocks unwanted green light from the CMOS camera. Data
are generated by running current through the copper trace layer of
the custom PCB, producing magnetic fields imaged by the QDM.
Precision stages (not shown) adjust the standoff separation of the
planar currents in the PCB from the N-V sensing layer.
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C. Fourier method optimization

Fourier space transformations described by [30,59] are
implemented to produce synthetic magnetic field data Bx,
By , and Bz from randomly generated, planar-current densi-
ties Jx and Jy at variable standoff distances. These standoff
distances form a normal distribution with mean 50 µm and
standard deviation 10 µm, which approximates the exper-
imental range of separation between the N-V sensing layer
and current traces in the PCB.

In order to show the utility of the MAGIC-UNet method,
we implement careful optimization of the Fourier method.
Bx and By field components are used rather than Bz for
a more robust inversion technique, as described in [59].
In addition, Gaussian filter processing on magnetic field
images is necessary to prevent errors from aliasing effects
and a finite Fourier bandwidth. A Hann window function
improves the resilience against noise of the Fourier inver-
sion [37]. With these filters implemented, a 3D parameter
optimization search is performed to find optimal Hann
window and Gaussian filter strengths for multiple stand-
off distances, maximizing SSIM for synthetic data with
respect to ground truth current densities.
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DATA AVAILABILITY

Trained models, validation and experimental test data,
and associated scripts are available at [60]. Full-size
datasets for training additional models can be found at
[61].

APPENDIX A: DATA GENERATION AND
PROCESSING

Synthetic data generation incorporates several key steps
to ensure robust training of MAGIC-UNet. To begin, we
generate randomized planar current density images by
varying total current, wire widths, numbers of bends, loca-
tions and angles of wires, and standoff distances across
two classes of wire types. “Class I” features curving and
looping wires with up to 20 bends, allowing wires to form
shorts if they cross (see Fig. 8). This class aids the net-
work in learning about nonuniform current flow. “Class
II” wires consist of only straight segments, changing direc-
tions at arbitrary angles and forming random intersections
(see Fig. 9). We add current densities together at these
intersections to emulate the effect of separated wires cross-
ing in chips featuring insulating layers. Key parameters
used are listed in Table V. We choose parameters both to
approximate common behaviors in our PCB sample and
support a robust and unbiased model.
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TABLE V. Parameters for synthetic current density data generation, used for MAGIC-UNet training and validation.

Parameter Class I Class II

Class of wire Curves formed by interpolating 2–21 randomly
generated points (with cropping)

Thin right-angle segments, thin arbitrary angle
segments, thick straight wires

Number of independent wires 1 1, 2, or 3
Field of view 2 mm 2 mm
Standoff distance 50 ± 10 µm (500 ± 50 µm for large standoff) 50 ± 10 µm (500 ± 50 µm for large standoff)
Thickness of current layer 14 µm 14 µm
Width of wires (% of dataset) 16–160 µm (50%) 160–320 µm (50%) 9–30 µm (67%) 97–156 µm (33%)
Approximate current range 15.5–311 mA 1.95–170 mA

After generating synthetic data, we increase image
diversity by employing three separate unitary operations:
90◦ rotation, horizontal reflection, and vertical reflection.
For a given image, each operation occurs with 50% proba-
bility, resulting in eight possible permutations. This pro-
cess helps eliminate sources of bias in current density
components, directions, and spatial locations. Addition-
ally, approximately 2% of the training data features wires
exclusively outside of the field of view, in order to teach the
network to understand fields generated outside the region
of interest.

We then produce a final set of current densities using
the Biot-Savart law recast as a Fourier transform. This
forward Fourier method produces a high-fidelity solution
since the current density images do not have noise added
at this stage in the synthetic data generation process. We
normalize each input magnetic field image individually to
create a more optimal normalization scheme, as the input
data have a wide spread of maximum values. Let the scalar
used to normalize each image, i, be αi. Corresponding

FIG. 8. Examples of current density magnitude from Class
I data. Current flow around bends and overlapping wires is
simulated using COMSOL Multiphysics® to realistically simulate
current behavior around corners. Scale bars are 400 µm for all
planar images shown.

output images are then also scaled by αi to maintain a
proper relationship between magnetic field amplitude and
current density, given finite computational precision. The
network performs best when a separate, global scaling fac-
tor β (∼ 108) is applied to all output data before training;
and the inverse of this factor 1/β is applied afterwards to
the MAGIC-UNet prediction. Given that β affects average
values by many orders of magnitude, this operation helps
ensure that the mean pixel value of input data is not so
small or large as to limit the flexibility of the network’s
activation function. Between every epoch of the training
process, additive Gaussian noise drawn from a random
seed is applied to the input data. This noise is found to be a
reasonable match to the noise behavior of our experimental
data.

To evaluate the performance of the trained MAGIC-
UNet network on out-of-distribution data, we create sets of
input-output pairs, generating each set with different meth-
ods. In one set, we simulate random, straight-current den-
sities directly in COMSOL® using an alternative algorithm

FIG. 9. Example current density magnitudes from Class II
data. These data include straight wire segments at different
angles, and can include 1, 2, or 3 closely spaced current planes.
Scale bars are 400 µm for all planar images shown.
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and with separate parameters to the synthetic Class II data
described above. We then obtain predicted magnetic field
amplitudes from these current densities using COMSOL®.
These simulated magnetic field images serve not only as
effective, out-of-distribution outputs, but also as a method
to validate the forward Fourier method calculation for cre-
ating training data. Separately, we generate custom current
densities in COMSOL® that mimic current flow through
devices with branched current and nonuniform wire width
to test MAGIC-UNet performance on data far outside of
the distribution of training data.

APPENDIX B: NOISE ANALYSIS

To inform the generation of synthetic data with artificial
noise that properly reflects observations in experimen-
tal measurements, we analyze the noise characteristics
of QDM magnetic field images, such as those shown in

Fig. 5. For numerous experimental datasets, we subtract
high-SNR images (constructed from the average of 400
CW-ODMR spectral sweeps with resulting SNR ≈ 87)
from their low-quality counterparts within the same field
of view (a single CW-ODMR sweep with SNR ≈ 4.7) to
produce noise datasets. Analysis of these datasets shows
that the experimental noise is approximately Gaussian [see
Fig. 10(a)], with no significant correlation among field
components [Fig. 10(b)]. This analysis also indicates that
the noise is additive, since the noise distribution does not
change as a function of field amplitude [Fig. 10(c)].

Noise spatial correlations are visually apparent as clus-
ter artifacts in QDM magnetic field images, approximately
5–10 pixels wide [Fig. 10(f)]; and manifest in Figs. 10(d)
and 10(e) as interdependent variables. This modest devi-
ation from a purely additive, Gaussian model negatively
impacts the performance of the MAGIC-UNet network
when applied to experimental data, as the network is

(a) (b) (c)

(d) (e) (f)

FIG. 10. Analysis of the noise dataset produced from experimental QDM magnetic field images such as those shown in Figs. 4 and 5.
Seven pairs of low- and high-SNR images are used to generate the dataset, and are compared at 230 × 230 resolution and at 64 × 64
resolution after binning and cropping. The noise dataset is generated by subtracting high-SNR magnetic field images from low-SNR
images with the same field of view. This noise dataset retains vector information, thus consisting of x-noise, y-noise, z-noise images.
(a) The quantile-quantile plot of the noise dataset exhibits approximately linear dependence, indicating a normal distribution. (b) Per-
pixel x-noise versus per-pixel y-noise of all image pixels. Noise is uncorrelated between vector components. (c) Per-pixel noise versus
magnetic field amplitude (of the unprocessed, high-SNR images used to create the noise dataset of all image pixels). There is minimal
correlation between magnetic field amplitude and noise. Inset shows a scatter plot of this plot for a single image pair to better illustrate
the behavior where magnetic field amplitude is large. (d) Noise dataset is binned to 64 × 64 resolution; per pixel amplitude noise for
row N , column M pixels plotted against row N + 1, column M pixels. There is significant spatial correlation (R2 = 0.60). (e) Same
as (d), binned to 230 × 230 final resolution. There is larger spatial correlation (R2 = 0.95). (f) Example Bz-component contributing to
the noise dataset, generated by subtracting a high-SNR image from a low-SNR image. Noise artifacts approximately 5–10 pixels wide
can be seen. Scale bar is 400 µm for the planar Bz image shown in (f).
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trained only on synthetic data utilizing uncorrelated Gaus-
sian noise. For example, MAGIC-UNet performs less
well for the 230 × 230 resolution experimental dataset
(spatial correlation R2 = 0.95) than for the 64 × 64 res-
olution data (spatial correlation R2 = 0.60), as seen in
Figs. 10(d) and 10(e). In future work, these issues may
be addressed by (i) reducing spatial correlations in experi-
mental data, whether induced by the hardware or the fitting
algorithm; and/or (ii) introducing spatial correlations into
the synthetic training data.

APPENDIX C: IMAGE SNR

To determine the signal-to-noise ratio of experimental
magnetic field images, we first find the maximum field
strength along a linecut orthogonal to the direction of a
wire segment producing a strong signal. Then we compute
the average signal by repeating this process at each pixel
along the entire length of the segment. In some images,
such as from the Hilbert curve shown in Fig. 5(d), the
strongest wire segments produce fields 2–3 times greater
than the weakest signal segments due to cancelation of
magnetic fields near closely spaced wires. The average
noise is determined by computing the standard deviation
of pixels in a low-signal region of the image.
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