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The need to observe objects that are smaller than the diffraction limit has led to the development of various superresolu-
tion techniques. However, most such techniques require active interaction with the sample, which may not be possible
in multiple practical scenarios. The recently developed technique of Hermite–Gaussian imaging (HGI) achieves super-
resolution by passively observing the light coming from an object. This approach involves decomposing the incoming
field into the Hermite–Gaussian basis of spatial modes and measuring the amplitude or intensity of each component.
From these measurements, the original object can be reconstructed. However, implementing HGI experimentally has
proven to be challenging, and previous achievements have focused on coherent imaging or parameter estimation of
simple objects. In this paper, we implement interferometric HGI in the incoherent regime and demonstrate a three-fold
improvement in the resolution compared to direct imaging. We evaluate the performance of our method under different
noise levels. Our results constitute a step towards powerful passive superresolution imaging techniques in fluorescent
microscopy and astronomy.
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1. INTRODUCTION

With the human eye, we can see only objects as small as a thin
strand of hair, which is about 100 µm in width [1]. Modern life
and materials sciences are keen to study structures well beyond this
limit, and microscopy is an indispensable tool for this purpose.
The resolution of conventional optical microscopy is, however,
limited due to diffraction on the objective lens to approximately
half of the optical wavelength (∼200 nm) [2–4]. In the last few
decades, superresolution (SR) imaging techniques emerged focus-
ing on either manipulating the illumination of the sample or using
stochastic properties of fluorescent emitters to achieve resolution
well beyond the diffraction limit [5–8]. Some of these methods
were marked by the 2014 Nobel Prize in Chemistry [9]. Even
higher resolution—down to single nanometers—can be achieved
by atomic force microscopy [10] and electron microscopy [11].
However, all existing SR methods involve active interaction with
the sample, which imposes significant limitations. First, they
involve the risk of altering or damaging the samples. Second,
these techniques are not universally applicable to all imaging
scenarios since they rely on specific underlying properties of the
samples, such as, e.g., nonlinear susceptibility. Even if the sam-
ple is amenable to a particular method, SR microscopes require
expert knowledge, and various parameters must be adjusted on a
case-by-case basis to render a truthful image reconstruction.

These limitations can be overcome if the imaging method
involves only far-field, linear-optical, and passive measurement of the
optical field arriving from the object. In 2016, Tsang et al. [12–16]

theoretically predicted that the diffraction limit can be overcome
for estimating the distance between two incoherent point sources
in the far-field regime by decomposing the field in the image plane
into an orthonormal basis of spatial modes [typically, Hermite–
Gaussian (HG)] and measuring the intensity of each component.
This approach, dubbed SpaDe for “spatial demultiplexing,” was
soon experimentally demonstrated by various groups [17–23].

On this basis, Yang et al. proposed an extension into recon-
structing complete 2D objects dubbed HG imaging (HGI) [17].
Pushkina et al. experimentally implemented HGI for coherent 2D
objects and showed a two-fold resolution improvement over the
diffraction limit [24].

However, the latter experimental work used coherent light to
illuminate the sample and detect the reflected light. On the other
hand, fluorescence emitted by biological samples is incoherent.
Also, if SpaDe is to be applied outside microscopy, say, in astron-
omy or remote imaging, it needs to be adapted to incoherent input.
Here we address this requirement by extending HGI to imaging
incoherent 2D objects. Since the incoherent light emitted from
the object lacks phase information, it is necessary to measure in an
overcomplete spatial mode basis, involving not only HG modes
but also their superpositions. We measure the intensity in each
basis mode using heterodyne detection and then utilize a deep
neural network (DNN) to reconstruct the objects. We observe a
significant resolution improvement over direct imaging (DI) in
various scenarios and certified by quantitative benchmarks.
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2. THEORETICAL BACKGROUND

A. Image Reconstruction Theory

We briefly recap the reconstruction method of Yang et al. [17]. The
object being imaged is defined by the incoherent intensity distribu-
tion I (x , y ). We reconstruct this distribution by expanding it into
the HG basis

Irec(x , y )=
N∑

m,n=0

βmnφmn(x , y )
2m+n+2m!n!πσ 2

, (1)

where φmn(x , y )= Hm(
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4σ2 are HG
polynomials, N is the cutoff for the number of HG modes
to be used, σ ≈ 0.21λ/NA is the radius of the PSF at
e−1/2 intensity [25], and βmn are expansion coefficients.
The point spread function (PSF) mode is assumed to
matchφ00.

These coefficients can be obtained experimentally by measuring
the powers of the heterodyne detector photocurrents with the
local oscillator (LO) prepared in a set of modes (see Supplement 1
for a full derivation). This set of modes can be the HG basis
[Fig. 1(a)]; however, in this case, we are able to recover only the
β’s with even indices, which, in turn, allow us to reconstruct
only the even component of the object intensity distribution:
Ieven(x , y )= [I (x , y )+ (−x , y )+ I (x ,−y )+ I (−x ,−y )]/4,
which results in ghost image artifacts [13,17]. To address this prob-
lem, Yang et al. [17] proposed displacing the object into a single
quadrant of the x -y plane, thereby separating the image from its
“ghosts.” However, the displaced object together with the ghosts is
larger in size and requires higher-order modes for its expansion into
the HG basis. Furthermore, this approach is unsuitable for objects
with a wide spatial extent.

Tsang et al. proposed an alternative strategy: recovering the
odd components of the image by measuring the powers in an
overcomplete mode basis known as interferometric HG (iHG)
[13,26]. The version of the iHG basis used in our work includes the
following superpositions of individual HG modes [Fig. 1(b)]:

Fig. 1. (a) Subset of holograms displayed on the spatial light modula-
tor (SLM) to generate the LO in Hermite–Gaussian modes. (b) Expanded
iHG basis, which includes eight additional superpositions of neighboring
HG modes to obtain the odd geometric moments for image reconstruc-
tion.

φ0−8
mn := {φmn, φ

±

m,m+1,n,n, φ
±
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±
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where

φ±m,m′,n,n′ :=
1
√

2
[φm′n′ ± φmn]. (2)

For each modeφi
mn, the power P i

mn of the associated heterodyne
photocurrent is measured. These measurements then evalu-
ate the coefficients βmn, from which the image is recovered (see
Supplement 1). Note that theoretically, iHG modes φi

mn with
i ∈ {0, . . . , 6} are sufficient for complete reconstruction. However,
the experiment uses the entire iHG mode set with i ∈ {0, . . . , 8},
as defined above.

B. Simulations

To test the viability of our approach, we first simulate image
reconstruction computationally using Eq. (1) and compare it to
simulated DI. We set the numerical aperture (NA) to 5.5× 10−4

andλ= 785 nm (the same as used in the experiment).
As our objects, we use symbols of a bitmap ASCII font. Each

symbol is a black-and-white bitmap 8× 6 pixels, with the size of
each pixel being 0.36 σ [Fig. 2(a), upper left panel]. To simulate
DI, we convolve the PSF with the objects [Fig. 2(a), upper mid-
dle panel]. The upper right panel of Fig. 2(a) shows the result of
applying the conventional Richardson–Lucy (RL) deconvolu-
tion algorithm [27] to the DI data. Next, we simulate the image
reconstruction for various cutoff numbers N = 2, 5, 30 [Fig. 2(a),
bottom row]. As can be seen, the DI of most of the letters is unread-
able, whether or not RL is applied. But HGI allows us to achieve a
satisfactory level of readability, the quality improving with N.

Fig. 2. (a) Letters of the alphabet with varying resolution. Top row:
GT is the ground truth, DI represents the direct image whose resolution
is limited by diffraction, and RL is the Richardson–Lucy deconvolution
of the DI. Bottom row: simulated HGI reconstructions in an idealized
setting with up to m = n = N = 2, 5, 30 modes. (b) MS-SSIM calculated
between (1) ground truth (infinite resolution) and (2) simulated HGI,
DI, and RL reconstructions. MS-SSIM score of &80% achieves letter
readability.
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We quantify the image quality with respect to the ground truth
objects by computing multi-scale structural similarity (MS-SSIM)
[28] [Fig. 2(b)], which is a popular metric in the image processing
community, designed to mimic how the human eye perceives
images [29]. We find that the resolution improvement is propor-
tional to N and saturates for N > 25. Comparing the images with
the MS-SSIM graph in Fig. 2, we can see that satisfactory image
quality is achieved at about 80%.

3. EXPERIMENT

A. Setup

We adopt the experimental setup from Ref. [24] (Fig. 3). We use a
continuous wave diode laser (Eagleyard EYP-DFB-0785), oper-
ating at 785 nm. The powers of the image field in individual HG
modes are measured by means of heterodyne detection with the
LO prepared in the corresponding mode.

At the outset, we split the laser into the signal LO paths. We
use the signal path to illuminate the object displayed on a digital
micromirror device (DMD) (DLP LightCrafter 6500). The DMD
pixel pitch is 7.56 µm, and our objects are displayed in a square
area of 160× 160 pixels. This area is divided into 10× 10 “logical
pixels,” each being a square of 16× 16 physical DMD pixels.
Our binary objects are bitmaps of these logical pixels. To simulate
incoherent objects, the DMD displays logical pixels one at a time,
and for each pixel, photocurrent powers P i

mn for all iHG modes
are measured. To determine P i

mn corresponding to a given multi-
pixel object, we digitally add the measured values of P i

mn for all of
the object’s pixels. This approach is chosen instead of the usual
method of obtaining spatial incoherence via a rotating ground glass
because the latter method would require averaging of the speckle
pattern for each object and each combination (m, n, i), resulting
in prohibitively slow data acquisition.

After light is reflected from the object, we collect it by an objec-
tive lens. In front of the objective lens, at a distance 242.5 cm away
from the DMD, we place an iris of diameter 2.66 mm to reduce the
NA to 5.5× 10−4. This configuration sets the Rayleigh diffraction
limit to a spacing of seven logical DMD pixels (870 µm).

To generate a particular iHG mode in the LO path, we dis-
play a phase grating (“hologram”) on a reflective phase-only
liquid-crystal-on-silicon SLM (Hamamatsu X13138-02) and
select the first diffraction order of the reflected light [30,31]. We
switch through holograms corresponding to different iHG modes
sequentially.

The signal and LO are recombined on a beam splitter and sent
onto a balanced detector. By placing a flip mirror after the objective

Fig. 3. Experimental setup to image incoherent objects with HGI via
homodyne detection and DI.

lens, we are able to switch between recording HGI with the hetero-
dyne detector and DI using a high-resolution CMOS camera.

B. Deep Neural Networks

As realized in Ref. [24], experimental imperfections such as an
imperfect Gaussian PSF, optical aberrations, shot noise, electronic
white noise, optical misalignment, iHG mode fidelity in the LO,
imperfect overlap between signal and LO, and general air fluc-
tuation or vibrations render an image reconstruction using Eq. (1)
impossible because the measurement errors of lower-order iHG
modes propagate into higher-orderβmn coefficients.

We, therefore, recast our reconstruction problem into a
machine-learning task and let a DNN find an optimal mapping
between imperfect measurements and the underlying basis needed
for image reconstruction. In this way, we can benefit from both the
new physics of HGI measurement and machine learning to extract
the image with the highest possible resolution. The neural network
takes the measured photocurrent powers as input and outputs the
reconstructed image.

The DNN architecture is shown in Fig. 4(a). We have four fully
connected hidden layers with 400-800-800-400 neurons. The
activation functions are hyperbolic tangent in the first layer and
rectified linear unit (ReLU) in the next three layers; the last layer
adapts the [0,1] range by using sigmoid.

To acquire the DNN training and cross-validation sets,
we obtain the photocurrent powers in iHG modes φl

mn, with
m, n ∈ {0, . . . , 20} and l ∈ {0, . . . , 8} for 20,000 bitmaps rep-
resenting random matrices, ellipses, and lines [Fig. 4(b)]. To
investigate the dependence of reconstruction quality on the
number of modes acquired, several subsets are selected from the
above set, corresponding to m, n ≤M, with M = 1, 4, 9, 14, 20.
These subsets are split into training and cross-validation sets in
proportion 90:10.

Using the ground truth images for labels would lead to severe
overfitting [24]—so the DNN is trained to model the training
set too precisely and therefore fails to generalize to previously
unknown inputs. We, therefore, produce our labels according
to Eq. (1). That is, our label is the image of the object as if it were

Fig. 4. (a) Architecture of the DNN used for image reconstruction
from iHG modes. The input layer (blue) dimension varies with the num-
ber of iHG modes utilized. The hidden layers (green) reduce the latent
space to 400 neurons. The output layer (red) is fixed to output images
50× 50 pixels. (b) Examples of bitmaps used for training the DNN.
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reconstructed via HGI in the absence of imperfections. We pro-
duced several label sets of varied resolution by choosing the mode
cutoff number N between five and 35.

For DNN training, we set our loss function to be the mean
squared error (MSE) and use a minibatch size of 32. We use the
adaptive moment estimation (Adam) optimizer, learning rate
10−4, exponential moving averaging parameters for the first and
second moment estimates (0.9, 0.999), respectively, and weight
decay zero. The training is run on an 11th Generation Intel Core
i9-11900K CPU with 64 GB memory and an NVIDIA RTX
A5000 GPU with 24 GB memory. Training the DNN up to 2000
epochs takes 40–60 min on average.

4. RESULTS

We evaluate the performance of our method in two ways: (1) we
look at qualitative image reconstruction of the object as a whole
using alphabet letters [Fig. 2(a)]; (2) we measure the resolution of
the system using the Rayleigh criterion with pairs of parallel lines
of varied separation. None of the objects used for performance
evaluation belongs to the training set. The experimental data for
these objects have been acquired separately from the training set
data.

We train several DNNs where we vary both the number M of
iHG modes in the input and the number N of HG modes used
in simulating the labels. To show that the resolution improve-
ment arises due to the new physics of HGI measurements and
not only due to machine learning, we also trained the same DNN
using DI intensity measurements as inputs. These inputs are
63× 63= 3969 pixel bitmaps that correspond to roughly the
same dimension of the input layer as for iHG with M = 20.

We compare the results qualitatively by looking at the image
reconstruction results [Fig. 5(a)] and quantitatively by computing
the MS-SSIM between the ground truth (infinite resolution) and
the respective outputs of the DNNs [Fig. 5(c)].

We see that the resolution improvement is maximized for
N = 30 label modes and M = 10 to 15 measured iHG modes.

Fig. 5. (a) Alphabet letters imaged using DI (left), DNN-enhanced
DI (middle), and HGI using M = 15 iHG modes (right). (b) Multi-scale
structural similarity values for different pairs of input and label mode
numbers. (c) Training and cross-validation MSE as a function of training
epoch. DI+DNN overfits, and we stop training at 1000 epochs, while for
HGI, we train for the complete 2000 epochs.

Fig. 6. Reconstructed images of pairs of parallel lines via direct imag-
ing (top), DNN-enhanced direct imaging (middle), and HGI (bottom).
Colored frames correspond to the resolution limits in the three settings.

We attribute the lack of resolution improvement for higher M to
the photocurrents in higher-order iHG modes being very low and
hence prone to noise.

We can also observe some resolution improvement beyond the
diffraction limit with DI purely through DNN software enhance-
ment. However, this enhancement is smaller than that of HGI. We
can see this directly from the reconstructed images [Fig. 5(a)] and
from the MS-SSIM benchmarks [Fig. 5(b)]. We also observe that
training the DNN for DI with the number N of label modes as low
as 10 quickly leads to overfitting, which reduces the reconstruction
quality on the test set [Fig. 5(c)].

To determine the resolution limit, we reconstruct the images for
pairs of parallel lines and measure the intensity profile by integrat-
ing over the vertical dimension [Fig. 6]. We see that the resolution
of DI is limited by the diffraction limit, corresponding to a line sep-
aration of seven logical DMD pixels (847 µm). DI+DNN gives
some improvement over that limit by resolving lines four logical
pixels (484 µm) apart, but HGI is able to resolve the separation
of two logical pixels (242 µm). Compared to DI and DI+DNN,
this corresponds to, respectively, a∼3-fold and∼2-fold resolution
enhancement.

Last, we investigate the effect of simulated shot noise on the
performance of HGI and DI. To this end, we assume that all mea-
surements (iHG mode intensities in HGI and pixel intensities in
DI) are implemented via photon counting, and the total number
of photons detected is Nph. Then the number of photonsλi in each
measurement is Ni = Nphλi/

∑
i λi , and the corresponding rms

shot noise is1Ni/Ni =1λi/λi = 1/
√

Ni . We simulate the shot
noise by adding a normally distributed random value with the rms
deviation1λi to everyλi .

We set Nph to 100, 400, and 10,000 and add the photon shot
noise numerically before training the DNNs. As can be seen from
Fig. 7, the advantage of HGI over DI for Nph = 104 is largely
similar to the classical case. Particularly strong is the impact of the
shot noise on the loss function of DI+DNN [Fig. 7(c)]: the neural
network begins overfitting as early as at epoch 300.

On the other hand, the edge of HGI over DI+DNN degrades
for Nph = 400 and especially 100 [Fig. 8]. This is because the total
number of photons available is no longer sufficient to reliably
reconstruct the relatively intricate image even with the help of
HGI.
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Fig. 7. (a) Alphabet letter images with simulated shot noise assuming
Nph = 10000 photons using DI (left), DNN-enhanced DI (middle), and
HGI using M = 15 iHG modes (right). (b) MS-SSIM values for different
pairs of inputs and labels. The performance is similar to the classical case.
(c) Training and cross-validation MSE as a function of training epochs
for selected input and label pairs. DI+DNN overfits at 300 epochs, at
which point the training is stopped, while the DNN for HGI is trained for
2000 epochs.

Fig. 8. Reconstructed images using HGI (left) and DI+DNN
(right) of pairs of parallel lines with added photon shot noise for
Nph = 100, 400, 10.000.

5. CONCLUSION

Here we presented the first results in superresolving reconstruction
of complex incoherent 2D objects by completely passive measure-
ments using linear optics in the far-field regime. We have shown
that a combination of information-rich measurements with a sim-
ple DNN produces images with∼3-fold resolution improvement
over DI. We can enhance the DI resolution by applying the same
DNN; however, the resulting resolution is still a factor of∼2 below
that achieved with HGI. This shows the key role of the new physics
of HGI in resolution enhancement.

Due to its passive nature, HGI can become beneficial in various
scenarios and has virtually no limitations on the samples that can
be imaged. In microscopy, it could apply to samples that are easily
damaged by near-field probes, possess no nonlinear properties,
and/or can be affected by strong laser illumination. Additional
interesting use cases are remote objects where active interaction
with the sample is impossible altogether. Prime examples would
be astronomy, precision agriculture, remote sensing, or satellite
imaging.

The main obstacles to the practical application of our scheme
are (1) the training of the DNN required for reconstruction and

(2) the shortcomings of heterodyne detection. For (1), the training
set samples can be fabricated using commercially available fluores-
cent beads in various sizes. Alternatively, calibration slides can be
fabricated with a resolution of a few tens of nanometers through
lithography or laser writing. In both cases, the training samples
will need to be imaged employing electron microscopy or another
method to obtain ground truth data. With the rapid advancement
of machine-learning technology, we can also envision that better
DNN architectures and loss functions will emerge that would dras-
tically reduce the size of the required training set. In the meantime,
we can expand the training set using known data augmentation
techniques [32].

For (2), we note that heterodyne detection is not optimal for
HGI because of the shot noise of the powerful LO [33] and the
necessity to measure the modes in a sequential manner, requir-
ing a large photon budget. Moreover, heterodyning could not
be directly applied to natural incoherent sources because of their
broad linewidth. The optimal solution for measuring in the iHG
basis is using a mode sorter, which spatially separates the iHG
modes, after which their intensities can be measured by direct
photodetection. The currently available mode sorters do not yet
allow measuring higher-order modes in the visible spectrum,
but the progress in this field is promising [34]. For heterodyne
detection, improvement can be achieved with digital holography,
i.e., measuring the interference pattern between the image field
and a LO with a digital camera. This yields full information about
the transverse distribution of the field amplitude and phase in the
image plane and hence permits computing the fields in each iHG
mode digitally [35,36]. This approach obviates sequential mode
acquisition, but not the shot noise and linewidth issues. Regarding
the latter point, incoherent holographic techniques might be a
promising approach as they require no reference beam [37,38].

It would be interesting to combine HGI with existing passive
SR microscopy methods based on engineered sample illumina-
tion, such as confocal and structured-illumination microscopy
[39]. Because these methods and HGI rely on different physics to
enhance resolution, we expect the enhancement effect achieved
through both methods to be cumulative. In this way, we hope
passive microscopy resolution with engineered illumination
eventually reaches the scale of 50 nm.
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