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ABSTRACT
Acoustic images have been widely used across diverse disciplines, ranging from medical to industry to military applications.
Existing mechanisms always require multiple signals, which are either single-measured by a complicated phased array in real-
time or multiple-measured by a single sensor with a time delay. To overcome the long-standing contradiction between the spatial
and temporal dimensions in imaging systems, here we propose a mechanism that enables acoustic imaging from a single signal,
based on a synthesized frequency codec achieved through the combination of artificial material and artificial intelligence (AI).
The artificial material, with its inherent randomness and dispersion, mimics multiple masks in the spectral domain to produce
scattered waves at synthesized frequencies. These waves, as analytically proven, carry sufficient geometric information about the
object to enable complete acoustic imaging. Such spectral fingerprints are then decoded in real-time by the AI, with no prior
knowledge of material parameters. Thanks to this symbiosis, we demonstrate experimentally high-precision reconstruction of
complex objects based on a single signal captured by a single fixed sensor, which breaks the limitations in both spatial and
temporal dimension simultaneously. Our mechanism may revolutionize the imaging techniques for various scenarios, such as
medical diagnosis, and beyond.
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Introduction

ecause of the unique advantages in terms of radiation expo-
ure, penetration depth, cost-effectiveness and biocompatibility,
coustic imaging plays an extremely important role inmany fields
uch asmedical diagnosis, industrial non-destructive testing, and
ei Wang and Jie Hu contributed equally to this work.
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underwater target detection [1–11]. To reconstruct the complex
geometries for various objects like material failure, submarines,
and human organs, signals captured by the sensors must con-
tain enough information about the target objects. Conventional
acoustic imaging techniques usually utilize sophisticated phased
arrays with a bulky size to quickly obtain the spatial information
1 of 10

http://www.afm-journal.de
https://orcid.org/0000-0002-8414-0435
https://orcid.org/0000-0001-8939-2212
https://orcid.org/0000-0003-2655-9024
mailto:liujingjing@nju.edu.cn
mailto:liangbin@nju.edu.cn
mailto:johan.christensen@imdea.es
mailto:jccheng@nju.edu.cn
https://doi.org/10.1002/adfm.76440
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fadfm.76440&domain=pdf&date_stamp=2026-06-11


o
s
s
t
r
s
o
g
s
i
i
d
2
t
I
n
s

T
o
i
t
e
o
d
c
d
f
w
i
h
b
d
t
W
c
u
r
A
m
c
p
s
o
s
c
t
a
o
t
f
t
t
e
o
O
a
c
f

2

 16163028, 2026, 52, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.76440 by C
sic O

rganización C
entral O

m
 (O

ficialia M
ayor) (U

rici), W
iley O

nline L
ibrary on [04/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
r

f objects [3, 12–16], whose system complexity and size neces-
itates that the imaging systems cover a broader spatial dimen-
ion. In comparison, other kinds of imaging methods, whether
raditional or compressed-sensing-based, use one sensor to
eceive necessary signals multiple times with dynamic spatial
canning [17] or multi-mode mask switching [18–21], which
ffers simplicity and compactness in spatial dimension, but
ives rise to time delays and makes real-time imaging cumber-
ome to attain. Despite the wide application of deep learning
n the field of imaging to facilitate data processing, existing
maging schemes still depend on information distributed at
ifferent points in either spatial or temporal dimensions [22,
3], directly resulting in the persistent conflict among these
wo dimensions of imaging in acoustics and related realms.
n this context, a fundamental question naturally arises: Is it
ecessary for imaging information to be carried by multiple
ignals?

o answer this fundamental question, we revisit the essence
f imaging and explore the possibility of realizing acoustic
maging based on a single signal. To get sufficient informa-
ion from an image through its scattered field, conventionally,
ither a single measurement with multiple sensors in real time
r multiple measurements by a single sensor involving time
elay are conducted. In contrast, we propose a mechanism to
onvert the information of the scattered field from the high-
imensional spatial-temporal domain to the dimension-reduced
requency domain by marrying an artificial material [24–29]
ith artificial intelligence (AI) [30–33], which features fast
maging speed, low-cost fabrication, compact system size, and
igh imaging quality. Here, we choose to image the objects
ased on a single signal with a synthesized frequency by a
isordered medium, which for the first time enables reducing
he system’s dimension in both space and time simultaneously.
e verify that a disordered medium [34–39], which is commonly
onsidered detrimental to imaging due to wave scattering of
ncontrollable complexity, can counterintuitively be used to
educe the imaging system’s dimension by combining it with
I technology. Due to the rich complexity arising from the
edium’s random parameter distribution and strong dispersion
haracteristics, it can serve as a series of masks with distinct
arameter distributions at different frequencies, which enables
ynthesized frequency encoding from the spatial distribution
f the whole scattered field to the frequency spectrum of a
ignal received once at a single point. Hence, every frequency
omponent of the signal contains different information about
he imaged objects. By harnessing the remarkable learning
nd feature-extraction abilities of neural networks [40], on the
ther hand, such an encoded single signal can be utilized
o quickly integrate the information carried by the different
requency components and then reconstruct the geometry of
he original object, without the need of prior knowledge of
he material parameters. Hence, the medium used in our
xperiment, which was handcrafted at a cost much less than
ne dollar, proved sufficient to yield high imaging quality.
ur proposed imaging mechanism with the coalescence of
disordered medium and AI may significantly reduce the

ost of acoustic imaging while keeping the fast speed in the
uture.
of 10
2 Results

2.1 Mechanism of Single-Signal Acoustic
Imaging by AI-Assisted Synthesized Frequency

In previous imaging methods, the contradiction between the
spatial and temporal dimensions mainly results from the fact
that the necessary information for imaging is distributed among
various signals. This directly leads to significant challenges in
achieving dimensionality reduction in the system, because the
reduction of one dimension inevitably gives rise to the increase of
the other dimension,making real-time imaging and single-sensor
imaging cannot be realized simultaneously. To overcome this
challenge, we propose an acoustic imaging mechanism based on
only one single signal with an AI-assisted synthesized frequency
codec. As shown in Figure 1a, a single fixed source emits a
single signal chosen as a short pulse with a broadband spectrum,
which undergoes scattering after insonifying an object of arbi-
trary shape. The scattered ultrasound field carrying the object’s
geometry information interacts with the disorderedmediumwith
randomness and dispersion, which can further be effectively
captured via a single fixed sensor behind the medium. Then the
received signal, encoded with the object’s information, can be
decoded to reconstruct the object’s image by aneural network that
holds the ability of information extraction. Note that the signal
used for imaging is measured one single time at a single location
and decoded in real-time for calculation, thus ourmechanism can
realize the maximized reduction in both the spatial and temporal
dimensions (see Figure 1b).

To realize synthesized frequency encoding, here the disordered
medium is introduced to provide distinct amplitude and phase
distribution at different frequencies (Figure 1c), expressed asM(x,
y; ω), where (x, y) is the spatial coordinate, and ω is the circular
frequency. Thus, the disorderedmedium canmodulate the spatial
patterns of scattered waves of objects in distinct ways at different
frequencies. It is worth noting that themultipath effects and time
delays introduced by the scattering medium can be regarded as
modulations of the phase and amplitude of the acoustic field, and
are therefore already incorporated into theM. When the scattered
waves arrive at the medium, the acoustic pressure distribution
can be expressed as pinc(x, y; ω). Then, after the modulation of
the disorderedmedium and propagating a distance l, the pressure
received by a single sensor can be obtained by applying the
Helmholtz–Kirchhoff equation, as follows [Correction added on
June 16, 2026, after first online publication: Equation (1) has been
amended in this version.]

𝑝rec (𝜔) = ∫ ∫
𝑆

𝑒
− 𝑖𝜔𝑟

𝑐

2𝜋𝑟

(
𝑖𝜔

𝑐
+ 1

𝑟

)
𝑙

𝑟
𝑝inc (𝑥, 𝑦; 𝜔) ⋅ 𝑀 (𝑥, 𝑦; 𝜔) 𝑑𝑥𝑑𝑦

(1)
where ⋅ denotes a point-wise multiplication, 𝑟 =√
(𝑥 − 𝑥rec)

2 + (𝑦 − 𝑦rec)
2, and (xrec, yrec) is the location

of the received point. Equation (1) shows that the spatial
distribution of the object’s scattered wave can be effectively
encoded into the frequency spectrum of a single signal received
at a single point within the medium with dispersion and
Advanced Functional Materials, 2026
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FIGURE 1 Mechanism of single-signal acoustic imaging by AI-assisted synthesized frequency codec. (a) Schematic of the proposed mechanism.
(b)Dimensionality reduction by our proposedmechanism comparedwith other current technologies. The different signs represent different technologies
(MMSP: multi-measurement with single probe, SMSPA: single-measurement with spatial probe array, MMLPA: multi-measurement with linear probe
array, ours: our proposed mechanism of single-signal acoustic imaging by AI-assisted synthesized frequency). The distance between signs and the
origin of the coordinate means the dimension occupied by the corresponding imaging system. (c) Encoding mechanism of the disordered medium.
The disordered medium serves as different masks at different frequencies.
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andomness. More specifically, the dispersion ensures the masks
re distinct at different frequencies, making the modulation
f the incident wave in different ways, while the randomness
nables the remarkable enhancement of such differences and
urther guarantees the information required for imaging is
ully encoded in the spectrum. Thus, the amplitude in different
requencies can carry different information about the acoustic
ield. By contrast, without a disordered medium, the responses
t different frequencies are highly correlated (see Figure S1),
eading to significant information redundancy and preventing
ffective imaging, which is discussed in detail in Section S1. This
ndicates that the imaging of the object can be realized based
n suitable decoding methods. Here, instead of analytically
etrieving the scattered waves under the premise of known M(x,
; ω), we choose to use a neural network to directly connect
he received signal and the object’s image by extracting the
nformation synthesized in the frequency spectra. This can
ignificantly increase the imaging speed and does not need any
rior knowledge of the disordered medium, which is totally
dvanced Functional Materials, 2026
different from the compressed-sensing-based methods [18, 41]
and significantly enhances the practicality of the proposed
mechanism in real-world scenarios. Thus, any medium with
random parameter distribution and high dispersion can be used
for imaging, which significantly reduces the cost of fabrication.
The robustness of our mechanism is primarily determined by
the disordered medium, whose intrinsic randomness makes
the system sensitive to external perturbations. In practice, such
perturbations can be incorporated into the training process,
enabling the model to learn robust representations and maintain
stable performance.

2.2 Fabrication and Characterization of the
Disordered Medium

To verify that the medium used in our system does not require
any judicious design and parameter retrieving but instead relies
solely on dispersion and randomness, we choose to handmake
3 of 10
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he sample rather than using sophisticated precision machining
rocesses. The medium consists of an agar slab encapsulating
andomly distributed steel beads, as shown in Figure 2a. Initially,
n agar solution is subject to controlled heating until it reaches its
oiling point, followed by a subsequent increase in temperature
ntil a viscous state is attained. Next, a certain amount of steel
eads is blended into the solution, after which a cooling process
s initiated, solidifying the material. Devoid of costly precision
abrication and advanced measurement instruments during this
rocess, our medium solely requires facile random blending of
teel beads. The diameter of the beads is chosen as corresponding
o the wavelength of the operating frequency band to support
ufficient multiple scattering, providing the medium with ade-
uate dispersion characteristics. Detailed fabrication procedures
nd material recipes are provided in Section S2. To verify the
andomness of the medium, we conducted an experiment where
he medium was impinged by sinusoidal pulses with a center
requency of 2.5 MHz and a cycle number of 2, which is discussed
n detail in Sections S3 and S4.

easurements were taken at five points (green dots in Figure 2b)
t the back of the medium to analyze the transmitted signals in
n underwater setup, see Figure 2c. To exclude the contributions
ther than the direct-path wave and its coda, a time window
as applied around the direct-path segment. Since the signal
cquired in our system contains both the direct wave and the
oda wave (as depicted in Figure 2d), the total acquisition time
indow is chosen to be longer than the duration of the emitted
ignal. Although the disordered medium, the transducer, and
maging object appear spatially close in the schematic, their
ctual separation is at least on the order of several tens of
avelengths. Therefore, reflections from these components arrive
t sufficiently different times and can be readily separated from
he direct-path signal in the time domain. The temporal and
requency domain distributions of the received signals are shown
n Figure 2d,e, respectively, which clearly display strong disparity
nd indicate pronounced randomness. This guarantees efficient
nformation encoding during the imaging process, which is a
ecessary prerequisite for successful imaging. In addition, the
esolution of our mechanism is fundamentally determined by
he diffraction limit, as in conventional ultrasound imaging
ethods. Nevertheless, for conventional ultrasound imaging,
pproaching this diffraction-limited resolution typically requires
large-aperture transducer to generate sufficiently fine focal
pots for scanning-based imaging. In contrast, our approach
oes not rely on focusing or scanning. Instead, it utilizes the
isordered medium to map the diffraction field over the entire
patial cross-section into the spectral response measured by a
ingle sensor.

.3 Experimental Realization of Single-Signal
coustic Imaging

fter completing the medium fabrication and randomness char-
cterization, we conduct the imaging experiments in an underwa-
er ultrasonic system, with possible relevance to non-destructive
esting, medical diagnostics, and underwater detection. To val-
date the effectiveness of our mechanism across objects with
ifferent impedance distributions without losing generality, we
hoose to image a variety of handwritten digits from the known
of 10
Mixed National Institute of Standards and Technology (MNIST)
database [42]. 700 handwritten digits from the MNIST Database
are selected and engraved in metal plates as the objects to
be imaged, with 70 samples for each digit from 0 to 9 (see
Figures S2 and S3), which is discussed in detail in Sections S5
and S6. As Figure 2c shows, submerged in a water container,
an ultrasonic transducer emits the same broadband signal as
that in randomness characterization, which passes through the
object and disordered medium in succession and is received by
a single fixed probe located behind the medium. The detailed
experimental setup is provided in Section S7 and Figure S4.

We sequentially measured and recorded the signals, among
which 600 samples were allocated for the training set, while 100
samples were designated for the test set, as shown in Figure 3a.
Figure 3b–k, presents the normalized spectra of the signals
received by the probe corresponding to ten handwritten digits (0–
9) at the top left corner. Although these spectra appear highly
intricate and it is hard to extract the shape information of the
digits by traditional methods, the spectra indeed exhibit certain
variations but also some level of shape-similarity in relation to
comparable handwritten digits, for example, 4 and 9, as well as 5
and 6. This indicates that different energy distributions in spectra
can reflect the shape information of different digits and thus
the spectra can be considered as a kind of frequency-dependent
“fingerprint”, which is the precondition of our imaging method.
This signal acts as the input dataset for training the neural
network, while the labels for the neural network are the shapes of
the objects. We employ a simple multilayer perceptron with two
hidden layers, which are proven to be highly effective in imaging
scattered objects such as handwritten digits (the detailed training
process is discussed in Section S8).

The detailed imaging results are shown in Figures 4 and 5.
Here, we use the structural similarity (SSIM) between original
objects and imaging results to evaluate the imaging quality.
Through a simple neural network, the average SSIM for the
training and test sets can reach 0.9870 and 0.7853, respectively.
We select typical imaging results for 10 handwritten digits from
the training and test sets, as shown in Figure 4. Figure 4a,b
compares the original shapes of the objects and the corresponding
imaging results for the training set, respectively. And Figure 4e–
j presents the comparison of original objects and some typical
imaging results in Figure 4a,b in terms of image profiles along
the particular horizontal and vertical directions. The differences
between these two sets of images are close to negligible in
both images and one-dimensional profiles, thereby implying a
near-complete reconstruction of the shape information. Similarly,
Figure 4c–p are some typical results for the test set and their
original references, wherein the comparison also demonstrates a
remarkable degree of resemblance, showcasing the high fidelity
and accuracy of the imaging process. Therefore, it can be
concluded that our mechanism can encode efficient information
from the spatial to frequency dimension and realize the imaging
by a neural network based on one single signal encoded with
sufficient information. It is also worth mentioning that, once
the neural network has been trained, the entire imaging process
can be completed within tens of microseconds. This timescale
is mainly determined by the duration of the received signal
segment used for reconstruction, which is ultimately limited
by the excitation bandwidth. Therefore, a broader excitation
Advanced Functional Materials, 2026

ative C
om

m
ons L

icense



FIGURE 2 Fabrication and characterization of the disordered medium. (a) Fabrication process of the disordered medium. Photographs of
(b) the fabricated disordered medium and (c) the experimental setup. (d) Measured temporal-domain signals and (e) the calculated frequency spectra at
5 particular points behind the medium marked by 5 circular dots in (b).

Advanced Functional Materials, 2026 5 of 10
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FIGURE 3 Flow chart of the imaging system and dataset for the neural network training. (a) Process of the dataset preparation, for which 700
recorded signals comprise of different handwritten digits with 600 training sets and 100 test sets. The frequency spectrum of each signal is obtained
through the fast Fourier transform and its normalization, which is the input data of the neural network. (b–k) Typical normalized frequency spectra of
different handwritten digits’ scattering responses received by a single fixed sensor, for 0–9, respectively.

6 of 10 Advanced Functional Materials, 2026
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FIGURE 4 Typical imaging results for both the training and test datasets. (a) Typical original objects of the training set. (b) Corresponding imaging
results of objects in (a). (c) Typical original objects of the test set. (d) Corresponding imaging results of objects in (c). (e–j) are the comparisons of
original objects and imaging results in (a,b) in terms of profiles of digits 2, 4, and 7 along the horizontal and vertical direction, respectively. (k–p) are the
comparison of original objects and imaging results in (c,d) in terms of intensity profiles of digits 0, 3, and 9 along the horizontal and vertical direction,
respectively. (OO: original object, IR: imaging result).
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andwidth can further shorten the required signal duration and
educe the overall imaging time. This indicates the potential
or real-time imaging of dynamic objects, such as a pulsating
eart, which holds significant importance in practical medical
pplications. The robustness of our mechanism against typical
oise is further demonstrated in Section S9.

igure 5a,b depicts the distribution of SSIM, quantifying the
egree of similarity between the imaging results and their corre-
ponding original objects, across each sample in both the training
nd test sets. In the training set, every sample demonstrates an
SIM exceeding 0.92, with a significant aggregation within the
nterval of 0.96 to 1.00. In the case of the test set, each sample’s
maging results exhibit SSIM surpassing the threshold of 0.6,
ith no instance falling below this critical mark. It is worth
oting, as elucidated in Section S10 and Figure S5, that an SSIM
dvanced Functional Materials, 2026
value surpassing 0.6 signifies a commendable reconstruction of
the shape information associated with the objects. This indicates
the efficacy of our mechanism in achieving precise imaging for
all samples, without any instances of poor imaging quality for
individual samples. Such consistency and reliability in imaging
performance hold crucial significance for practical applications,
greatly increasing the detection accuracy. Figure 5c illustrates
the training process of the neural network, showing excellent
convergence of the model. Although there exists an overfitting
issue, it does not affect the effectiveness of our mechanism,
and this problem tends to diminish as the sample size of the
dataset increases. Furthermore, compared with common object
recognition mechanisms based on neural networks [43], which
can identify objects but may struggle to reconstruct their precise
shape, our method, without any compression of the information
utilized for imaging, can reconstruct the geometry of the objects
7 of 10
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FIGURE 5 Overall imaging performance demonstration for our single signal imaging system. (a) SSIM distribution of 600 digits in the training
set, where the red dashed line represents the average value. (b) SSIM distribution of 100 digits in the test set, where the red dashed line and the baby
blue dot dashed line represent the average and threshold value, respectively. (c) Variation curves of SSIM with the training epoch. (d) Imaging results of
the same digits of different shapes, accompanied with the original objects in the test set.
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hat have different shapes but belong to the same number, as
hown in Figure 5d. This is mainly because our synthesized
requency-codec mechanism allows the continuous spectrum to
erve as the encoding channel with high capacity and indepen-
ence, such that the full information of the targeted image can be
ffectively encoded and extracted.

Conclusions

e have demonstrated a mechanism of single-signal acoustic
maging by an AI-assisted synthesized frequency codec that can
ealize real-time object imaging by a single fixed sensor with the
elp of a simple disordered medium and AI technology. Using
disordered medium to realize synthesized frequency encoding
nd a neural network to reconstruct the object’s image from
pectral “fingerprint”, our method can reduce the dimensionality
f the imaging system to the greatest extent possible. Unlike most
idely explored AI-assisted imaging approaches, where deep
earning is typically employed as a post-processing tool applied
o data acquired through conventional imaging pipelines, our
pproach fundamentally reshapes the information acquisition
rocess at the physical level. In our framework, the disordered
edium acts as a physics-based encoding layer, while deep
earning is subsequently used to decode the encoded information,
orming a tightly integrated physical-computational mechanism.
mportantly, this framework implies that ultrasonic imaging is no
onger fundamentally constrained by the wavelength associated
ith the center frequency of the probing signal. As long as the
pectral response carries sufficient information, subwavelength-
of 10
scale scatterers can be effectively encoded and retrieved through
learning-based decoding, even when long-wavelength acoustic
waves are employed. This relaxation of the conventional wave-
length constraint is particularly appealing, as it preserves the
deep penetration capability of ultrasound while simultaneously
enabling enhanced imaging information to be extracted from
complex environments. Our findings overcome a long-lasting
bottleneck comprising a to-date unresolved compromise between
the cost of spatial and temporal dimensions to ensure high image
quality at low fabrication and machining costs. In addition,
the current scheme already demonstrates a certain degree of
generalization capability, as evidenced by its ability to accurately
reconstruct previously unseen handwritten digits that were not
included in the training set. This indicates that themodel captures
underlying features rather than merely memorizing the data.
Further improvements in generalization can be achieved by
expanding the training dataset, incorporating more complex and
physically diverse targets, and integrating physics-informed or
hybrid learning strategies. Although currently we only demon-
strated 2D handwritten digit imaging through the transmission
mode of ultrasound wave, our mechanism combining a disor-
dered material with AI is universal and is entirely possible to be
extended to complex objects in three-dimensions (3D) using the
reflection mode of other wave types. Relying only on randomness
and dispersion, a plethora of artificially structured materials
and compounds could be employed beyond the medium used
in the present experiments. Thus, our approach can provide
enough momentum to advance in single-signal-based imaging
applications for future low-cost devices, interesting for industrial
and medical applications, and beyond.
Advanced Functional Materials, 2026
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