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Abstract
Remote passive drone detection in the presence of strong background noise is challenging, since they are point
objects and cannot be recognized by their contour detection. In this study, we introduce a new passive single-photon
dynamic imaging method using quantum compressed sensing. This method utilizes the inherent randomness of
photon radiation and detection to construct a compressive imaging system. It captures the broadband dynamic
features of the point object through sparse photon detection, achieving a detectable bandwidth up to 2.05 GHz,
which is significantly higher than current photon-counting imaging techniques. The method also shows excellent
noise resistance, achieving high-quality imaging with a signal-to-background ratio of 1/332. This technique
significantly enhances the use of single-photon imaging in real-world applications.

Introduction
The use of drones has significantly boosted low-altitude

economic activities, making drone monitoring a necessity.
However, detecting drones remotely is challenging due to
weak light signals, strong background noise, and small
scattering cross sections. Single-photon imaging (SPI) is
useful for detecting weak objects with high sensitivity,
valuable in remote sensing, disaster relief, and astron-
omy1–7. However, traditional passive SPI methods, which
rely on spatial photon distribution, struggle with noise
and are slow at capturing dynamic targets8–11.
Further, applications in extreme environments need better

imaging systems with enhanced dynamic imaging and noise
resistance. Current dynamic SPI techniques, which use time-
correlated single-photon counting12–19, require active illu-
mination and synchronization, limiting their use in passive
systems20–22. These systems also fail to capture the high-
frequency dynamics of non-cooperative objects due to long

photon-counting integration times. Consequently, dynamic
characteristics regarding remote sensing objects becomes
unattainable for accurate object recognition. This issue is
particularly exacerbated when detecting distant objects that
occupy only a limited number of pixels in an image.
This study introduces a broadband quantum com-

pressed sensing (QCS) imaging method that utilizes the
quantum randomness of photon radiation and detection
to construct a compressed sensing system, enabling the
capture of dynamic target features through sparse photon
detections. The background noise appears as white noise
in the frequency domain, which gives it a constant power
spectral density. Therefore, this method demonstrates
excellent resistance to noise by extracting dynamic fea-
tures in the frequency domain of the objects. Experiments
showed the QCS imaging system, using a SPAD array23,
could detect dynamic frequency up to 2.05 GHz with a
data compression ratio of 1.95 × 10−6 and an impressive
imaging signal-to-background ratio (SBR) of 1/332.

Quantum compressed sensing imaging
To obtain dynamic information about high-speed

moving or rotating objects, conventional imaging tech-
niques typically attempt to increase the image frame rate.
However, the photon-counting-based SPI method needs a
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directly associated with the measured signal x, the mea-
surement matrix is jointly determined by the initial state |
ψ〉, the signal x and the measurement operator Â. Here,
we assume that signal x is non-cooperative. Therefore, the
QCS is a kind of passive adaptive measurements, which
are impossible to obtain with conventional CS systems.
For a detailed theoretical analysis, please refer to Ref.29.
Supplementary Note 1 describes the key differences
between QCS and CS in detail.

Results
The proposed QCS imaging technique demonstrates

excellent performance in measuring bandwidth and noise
resistance. We quantitatively characterize its performance
and demonstrate its feasibility in real-world environments
through field drone tests.

Bandwidth of QCS imaging
To demonstrate the ability of our method to capture

dynamic features, an object with a broadband flicker was

artificially constructed via laser projection, whose flicker
frequency could be tuned from 10 kHz to 3.0 GHz. A
comprehensive description of the experimental system is
provided in the Materials and Methods. The projected
pattern is a windmill house, with the windmill section
exhibiting high-frequency flicker characteristics and the
remaining area showing stationary characteristics. Here,
the object is considered to be a non-cooperative entity.
For comparison, we performed photon-counting imaging
and QCS imaging. The photon-counting imaging method
only records the photon count of each pixel within a
specific integration time, whereas the QCS imaging
enables dynamic feature extraction directly while sup-
pressing non-dynamic regions in the scene, as depicted in
Fig. 2a, b.
A quantitative analysis was conducted to investigate the

factors that determine the imaging performance of QCS,
including flicker frequency, integration time, and photon
count rate. We analyzed their impact on SNR, bandwidth,
and data compression ratio. As the integration time
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Fig. 1 Principle illustration of the QCS imaging. a Principle diagram of the passive QCS imaging approach, see the Materials and methods for
experimental details. The radiation signal x of the windmill can be considered as a modulated mixed state that corresponds to the initial quantum
state preparation and manipulation in QCS. Our goal is to reconstruct the signal through sparse photon detection, where time-domain single-photon
detection corresponds to the process of quantum states detection, and finally obtain the estimated signal through a signal reconstruction algorithm.
b The photon-counting image of a simulated windmill house pattern. c QCS imaging result. d Dynamic characteristic spectrum of the signal. Each
pixel records the photon arrival time independently, and the characteristic spectrum can be obtained by performing a discrete Fourier transform on
the photon arrival time series y= [y1, y2, …, ym, …, yM]. Signal x can be reconstructed by applying a signal reconstruction algorithm, which will show
in Fig. 4. Here, we demonstrate the feasibility of our method solely through a simulated pattern. The two illustrations depict sparse characteristic
spectrum lines and a white noise base derived from background noise counts, dark counts, and shot noise of photon counting
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long integration time to accumulate sufficient photon
counts to ensure an acceptable signal-to-noise ratio
(SNR)8,10,24. Even with compressed sensing (CS) imaging
technology, such as the combination of a single-pixel
detector and a digital micromirror device (DMD), which
has improved the imaging frame rate to tens of Hz, cap-
turing higher frequency dynamic information remains
limited by both the switching rate of the DMD and the
photon count rate25–27. Therefore, simply increasing the
frame rate for capturing dynamic object information in
SPI is not a viable solution.
This study proposes a passive QCS imaging method,

enabling the direct extraction of broadband dynamic
information of the objects. Here, QCS can be defined as a
signal processing technique for efficiently acquiring and
reconstructing signals from considerably fewer samples
than required by the Nyquist-Shannon theorem by con-
structing a compressive measurement system using
quantum resources, such as quantum coherence, quan-
tum entanglement, etc21,28–30. Reference21 achieved GHz-
level frequency-domain imaging using a near-infrared up-
conversion imaging system. It directly extracts the flicker
frequency of objects via discrete Fourier transform and
employs the spectral peaks for imaging, thereby effectively
suppressing background noise. In this study, a compre-
hensive QCS theoretical model is established, enabling the
waveform and image reconstruction of moving objects.
The implementation of QCS can be divided into four
steps: initial quantum state preparation, quantum state
manipulation, quantum state detection and signal recon-
struction. The mathematical model of QCS can be
described as follows:

y ¼ Âjψxi ð1Þ
where |ψ〉 represents the initial quantum state; x denotes the
signal to be measured, which is sparse in some transform
domain; Â denotes the measurement operator, and y
represents the measurement result. The quantum state |
ψx〉 corresponds to the process of manipulating quantum
state |ψ〉 with signal x. Then, the measurement operator Â
acts on the quantum state |ψx〉, corresponding to the process
of quantum state detection. Finally, signal reconstruction
can be achieved by employing a CS reconstruction algorithm
based on the measurement result y (see Supplementary Note
1 for more detailed QCS theory description).

Specifically, in this work, as the proposed approach is a
passive imaging method, the object radiation field consists
of ambient scattered light. Therefore, the initial quantum
state is a mixed state. Considering that the object exhibits
high-frequency rotational dynamics and its signal is sparse
in the frequency domain (e.g., like the windmill shown in
Fig. 1a), the signal can be represented by a time-varying
pulse waveform x(t). Consequently, the quantum state

manipulated by this signal is transformed into a time-
varying mixed state, and its density operator can be
expressed as:

ρ ¼
XN
i¼1

xðtÞpijψiihψij ð2Þ

where pi represents the fraction of the ensemble in each
pure state |ψi〉, N is the Nyquist sampling rate. In the
quantum state detection step, a photon is assigned to a
specific pure state upon detection. In this work, we
assume that the dynamic information of the object is
sparse in the frequency domain, i.e., the object only
presents finite discrete frequencies. Based on this
assumption, a QCS system is constructed by using the
inherent randomness of sparse photon radiation and
detection. The measured result y= [y1, y2, …, ym …, yM]
(M < <N) corresponds to a time series of photon
collapses, and the signal can be recovered by using the
reconstruction algorithm21,28–31. Finally, an estimation of
signal x is obtained by solving the following non-positive
definite equation through an inverse Fourier transform:

x̂ ¼ arg min kŝk1 ð3Þ
where ŝ is the estimate of non-zero elements of sparse
coefficients. See Supplementary Note 2 for more
detailed description of signal reconstruction algorithm.
Experiments was performed, as shown in Fig. 1a. The
results of a traditional photon-counting imaging system
and the proposed QCS imaging system were evaluated
(Fig. 1b, c). The QCS system captures a dynamic
frequency of 1.0000005467 GHz, deviating from the set
value of 1.0 GHz by 546.7 Hz due to the disparate clocks
employed by the object and detection system. QCS
imaging behaving like a filter that isolates the desired
dynamic feature while filtering out other frequency
components. A specific pixel from Fig. 1c is selected for
spectrum analysis, the dynamic characteristic spectrum
of the object exhibits sparsity in frequency domain, as
depicted in Fig. 1d.
In contrast to conventional single-pixel imaging tech-

niques that employ CS to increase the frame rate and
resolution, QCS imaging systems directly capture the
dynamic information of the object by using the quantum
randomness of object photon radiation and single-photon
detection. In conventional CS systems, the sensing matrix
A is a predefined random matrix. Thus, its measurement
is nonadaptive, meaning that the sampling process
remains constant regardless of the signal. However, in the
QCS system, the measurement results are obtained by
acting the measurement operator on the quantum state.
The randomness of the measurement matrix is derived
from the inherent randomness of the collapse of the
quantum state |ψx〉. Since the quantum state |ψx〉 is
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directly associated with the measured signal x, the mea-
surement matrix is jointly determined by the initial state |
ψ〉, the signal x and the measurement operator Â. Here,
we assume that signal x is non-cooperative. Therefore, the
QCS is a kind of passive adaptive measurements, which
are impossible to obtain with conventional CS systems.
For a detailed theoretical analysis, please refer to Ref.29.
Supplementary Note 1 describes the key differences
between QCS and CS in detail.

Results
The proposed QCS imaging technique demonstrates

excellent performance in measuring bandwidth and noise
resistance. We quantitatively characterize its performance
and demonstrate its feasibility in real-world environments
through field drone tests.

Bandwidth of QCS imaging
To demonstrate the ability of our method to capture

dynamic features, an object with a broadband flicker was

artificially constructed via laser projection, whose flicker
frequency could be tuned from 10 kHz to 3.0 GHz. A
comprehensive description of the experimental system is
provided in the Materials and Methods. The projected
pattern is a windmill house, with the windmill section
exhibiting high-frequency flicker characteristics and the
remaining area showing stationary characteristics. Here,
the object is considered to be a non-cooperative entity.
For comparison, we performed photon-counting imaging
and QCS imaging. The photon-counting imaging method
only records the photon count of each pixel within a
specific integration time, whereas the QCS imaging
enables dynamic feature extraction directly while sup-
pressing non-dynamic regions in the scene, as depicted in
Fig. 2a, b.
A quantitative analysis was conducted to investigate the

factors that determine the imaging performance of QCS,
including flicker frequency, integration time, and photon
count rate. We analyzed their impact on SNR, bandwidth,
and data compression ratio. As the integration time
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Fig. 1 Principle illustration of the QCS imaging. a Principle diagram of the passive QCS imaging approach, see the Materials and methods for
experimental details. The radiation signal x of the windmill can be considered as a modulated mixed state that corresponds to the initial quantum
state preparation and manipulation in QCS. Our goal is to reconstruct the signal through sparse photon detection, where time-domain single-photon
detection corresponds to the process of quantum states detection, and finally obtain the estimated signal through a signal reconstruction algorithm.
b The photon-counting image of a simulated windmill house pattern. c QCS imaging result. d Dynamic characteristic spectrum of the signal. Each
pixel records the photon arrival time independently, and the characteristic spectrum can be obtained by performing a discrete Fourier transform on
the photon arrival time series y= [y1, y2, …, ym, …, yM]. Signal x can be reconstructed by applying a signal reconstruction algorithm, which will show
in Fig. 4. Here, we demonstrate the feasibility of our method solely through a simulated pattern. The two illustrations depict sparse characteristic
spectrum lines and a white noise base derived from background noise counts, dark counts, and shot noise of photon counting
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long integration time to accumulate sufficient photon
counts to ensure an acceptable signal-to-noise ratio
(SNR)8,10,24. Even with compressed sensing (CS) imaging
technology, such as the combination of a single-pixel
detector and a digital micromirror device (DMD), which
has improved the imaging frame rate to tens of Hz, cap-
turing higher frequency dynamic information remains
limited by both the switching rate of the DMD and the
photon count rate25–27. Therefore, simply increasing the
frame rate for capturing dynamic object information in
SPI is not a viable solution.
This study proposes a passive QCS imaging method,

enabling the direct extraction of broadband dynamic
information of the objects. Here, QCS can be defined as a
signal processing technique for efficiently acquiring and
reconstructing signals from considerably fewer samples
than required by the Nyquist-Shannon theorem by con-
structing a compressive measurement system using
quantum resources, such as quantum coherence, quan-
tum entanglement, etc21,28–30. Reference21 achieved GHz-
level frequency-domain imaging using a near-infrared up-
conversion imaging system. It directly extracts the flicker
frequency of objects via discrete Fourier transform and
employs the spectral peaks for imaging, thereby effectively
suppressing background noise. In this study, a compre-
hensive QCS theoretical model is established, enabling the
waveform and image reconstruction of moving objects.
The implementation of QCS can be divided into four
steps: initial quantum state preparation, quantum state
manipulation, quantum state detection and signal recon-
struction. The mathematical model of QCS can be
described as follows:

y ¼ Âjψxi ð1Þ
where |ψ〉 represents the initial quantum state; x denotes the
signal to be measured, which is sparse in some transform
domain; Â denotes the measurement operator, and y
represents the measurement result. The quantum state |
ψx〉 corresponds to the process of manipulating quantum
state |ψ〉 with signal x. Then, the measurement operator Â
acts on the quantum state |ψx〉, corresponding to the process
of quantum state detection. Finally, signal reconstruction
can be achieved by employing a CS reconstruction algorithm
based on the measurement result y (see Supplementary Note
1 for more detailed QCS theory description).

Specifically, in this work, as the proposed approach is a
passive imaging method, the object radiation field consists
of ambient scattered light. Therefore, the initial quantum
state is a mixed state. Considering that the object exhibits
high-frequency rotational dynamics and its signal is sparse
in the frequency domain (e.g., like the windmill shown in
Fig. 1a), the signal can be represented by a time-varying
pulse waveform x(t). Consequently, the quantum state

manipulated by this signal is transformed into a time-
varying mixed state, and its density operator can be
expressed as:

ρ ¼
XN
i¼1

xðtÞpijψiihψij ð2Þ

where pi represents the fraction of the ensemble in each
pure state |ψi〉, N is the Nyquist sampling rate. In the
quantum state detection step, a photon is assigned to a
specific pure state upon detection. In this work, we
assume that the dynamic information of the object is
sparse in the frequency domain, i.e., the object only
presents finite discrete frequencies. Based on this
assumption, a QCS system is constructed by using the
inherent randomness of sparse photon radiation and
detection. The measured result y= [y1, y2, …, ym …, yM]
(M < <N) corresponds to a time series of photon
collapses, and the signal can be recovered by using the
reconstruction algorithm21,28–31. Finally, an estimation of
signal x is obtained by solving the following non-positive
definite equation through an inverse Fourier transform:

x̂ ¼ arg min kŝk1 ð3Þ
where ŝ is the estimate of non-zero elements of sparse
coefficients. See Supplementary Note 2 for more
detailed description of signal reconstruction algorithm.
Experiments was performed, as shown in Fig. 1a. The
results of a traditional photon-counting imaging system
and the proposed QCS imaging system were evaluated
(Fig. 1b, c). The QCS system captures a dynamic
frequency of 1.0000005467 GHz, deviating from the set
value of 1.0 GHz by 546.7 Hz due to the disparate clocks
employed by the object and detection system. QCS
imaging behaving like a filter that isolates the desired
dynamic feature while filtering out other frequency
components. A specific pixel from Fig. 1c is selected for
spectrum analysis, the dynamic characteristic spectrum
of the object exhibits sparsity in frequency domain, as
depicted in Fig. 1d.
In contrast to conventional single-pixel imaging tech-

niques that employ CS to increase the frame rate and
resolution, QCS imaging systems directly capture the
dynamic information of the object by using the quantum
randomness of object photon radiation and single-photon
detection. In conventional CS systems, the sensing matrix
A is a predefined random matrix. Thus, its measurement
is nonadaptive, meaning that the sampling process
remains constant regardless of the signal. However, in the
QCS system, the measurement results are obtained by
acting the measurement operator on the quantum state.
The randomness of the measurement matrix is derived
from the inherent randomness of the collapse of the
quantum state |ψx〉. Since the quantum state |ψx〉 is
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been increased by six orders of magnitude when our QCS
imaging system is compared to the advanced SPI
technique34–37.
Data compression ratio is an important index to mea-

sure compressive sensing system, which is defined as the
ratio of the compressed sampled data volume to the ori-
ginal sampled data volume, where the original sampled
data refers to the Nyquist sampling. The data compres-
sion ratio of this work could be expressed as:

CR ¼ ðCs þ CdÞ ´ da ´ t
2 ´B ´ db ´ t

ð5Þ

where Cs and Cd are the photon count rate of the signal
and dark count, respectively; and da= 32 bit and db= 12
bit are the storage depths of the QCS imaging and
traditional sampling systems, respectively; B is the signal
bandwidth, t is the integration time. The relationship
between the data compression ratio and the SNR of the
QCS imaging system as a function of the photon count
rate is illustrated in Fig. 2e. We varied the photon count
rate of a single pixel from 3–20 kcps (counts per second),
and the data compression ratio decreases as the photon
count decreases. Since the bandwidth of QCS imaging is
2.05 GHz and its Nyquist sampling rate is 4.10 GHz, when
the photon counting rate is 3.0 kcps, the data compression
rate is 1.95 × 10−6 according to Eq. (5). The QCS imaging
offers a novel approach to acquire broadband information
by leveraging a limited number of photon detections,
thereby overcoming the longstanding limitations of
photon-counting imaging in dynamic object imaging. Its
impressive technical indicators, such as achieving imaging
bandwidth exceeding the GHz level and data compression
ratio at the 10−6 level, signify a remarkable advancement
in the field of imaging.

Noise resistance of QCS imaging
When the object exhibits dynamic features, QCS ima-

ging can effectively mitigate background noise inter-
ference by utilizing its broadband detection capabilities to
extract the object’s dynamic features. To investigate the
noise resistance capability of the QCS imaging system, a
tungsten lamp (Thor labs, SLS202L, 450 nm to 5.5 μm) is
used to simulate background noise. The intensity of the
background noise is gradually increased through a con-
tinuously adjustable attenuator. The flicker frequency of
the windmill is set at 1MHz, and the photon count rate of
the signal is set at 20 kcps. In general, background noise
photons exhibit complete randomness without any
dynamic characteristics. Therefore, extracting the
dynamic features of the object with our imaging approach
can significantly enhance noise resistance. Figure 3a pre-
sent the imaging results of the photon-counting imaging
and QCS imaging systems. The object becomes obscured

by noise in photon-counting imaging when the SBR is set
to 1/332; however, the QCS imaging system effectively
reconstructs a clear windmill profile with a high SNR of
25.86 dB.
A comprehensive analysis of the crucial factors influ-

encing the SNR, including the SBR and integration time,
is presented in Fig. 3b, c. The SNR of the photon-counting
imaging system sharply decreases with increasing back-
ground noise. When the SBR is less than 1/13, the SNR is
less than 0 dB, indicating that the signal is indistinguish-
able from the noise; thus, no image information can be
extracted. However, in the QCS imaging system, the SNR
exceeds that of the photon-counting imaging system by
11.08–22.06 dB, as depicted in Fig. 3b. Moreover, the SNR
of the QCS imaging system rapidly increases with
increasing integration time and exceeds that of the
photon-counting imaging system by 22.08 dB, as illu-
strated in Fig. 3c.
The SBRs mentioned in this study refer to the ratio of

the detected photon count rate of the signal and back-
ground, without considering any other prior information
about the object. Unlike spectral filtering, spatial filtering,
and gating techniques used in active single-photon ima-
ging, the method proposed in this paper provides strate-
gies for passive single-photon imaging to accomplish all-
weather tasks.

Application of quantum compressed sensing
To demonstrate the capability of QCS imaging in cap-

turing broadband dynamic information within a realistic
environment, we selected drone as our experimental
object. A rotor drone is characterized by its compact size
and dynamic properties due to the high-speed rotor
rotation. The flight states of the drone were initially
assessed in a controlled laboratory environment. The
images were obtained using a 32 × 32 SPAD array38–43.
Each pixel in the detector array operates independently,
and the integrated time digital conversion circuit provides
us with precise arrival times for each photon. By utilizing
a signal reconstruction algorithm, rotor image of drone
with sparse dynamic features could be recovered. The
results are presented in Fig. 4, where Fig. 4a is a photo-
graph of the drone and Fig. 4b shows direct 32 × 32
photon-counting images of the drone in the “power off”
state. Figure 4c, d show photon-counting images of the
drone in the “power off” and “power on” states with sub-
pixel scanning imaging44. (See the Materials and methods
for sub-pixel scanning imaging.) Limited by the long
integration time of the photon-counting imaging system,
real-time dynamic information about the rotor cannot be
acquired when the drone is powered on. Figure 4e shows
the dynamic imaging result of the drone captured by the
QCS imaging system at 530 Hz, corresponding to the
“hovering” flight state. Only two of the four rotors are

Wu et al. Light: Science & Applications ���������(2025)�14:244� Page 5 of 12

increases, the imaging SNR of the QCS imaging con-
siderably increases, as depicted in Fig. 2c. The SNR is
defined herein as32:

SNR ¼ 10 log10
λ

σ

� �
ð4Þ

where λ is the mean value of the signal and σ is the
standard deviation of the noise. With the same photon
count rate, increasing the integration time significantly
improves the SNR. Conversely, when the integration time
is held constant, increasing the flicker frequency leads to a
decrease in the imaging SNR. Furthermore, the maximum
detectable flicker frequency of the system was examined,
as depicted in Fig. 2d. As the flicker frequency increased,
the SNR remained consistent across a wide bandwidth
range. In signal processing, the 3 dB bandwidth is a critical
metric for evaluating the bandwidth performance of a

measurement system. Here, the 3 dB bandwidth of the
QCS imaging system is the frequency range correspond-
ing to a 3 dB reduction of the SNR during an integration
time of 1 s, i.e., 2.05 GHz, as shown in the subplot of Fig.
2d. Further increases in the detectable bandwidth are
limited by the system time jitter33. The single-photon
detector and time-to-digital converter (TDC) used in this
study have time jitters of tr1= 350 ps and tr2= 200 ps,
respectively. Consequently, the overall system time jitter
is calculated as tr= (tr1

2 + tr2
2)1/2 ≈ 403 ps. This results in

a theoretical maximum effective detection bandwidth of
1/tr ≈ 2.48 GHz. However, in practical experiments, the
effective measurement bandwidth is diminished due to
frequency distortions and scattering noise. However, the
frame rate of the most advanced SPAD arrays can reach
hundreds of kHz. However, limited by the integration
time, storage depth and pixel scale, it is not mature in
practical applications. The measurable bandwidth has
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been increased by six orders of magnitude when our QCS
imaging system is compared to the advanced SPI
technique34–37.
Data compression ratio is an important index to mea-

sure compressive sensing system, which is defined as the
ratio of the compressed sampled data volume to the ori-
ginal sampled data volume, where the original sampled
data refers to the Nyquist sampling. The data compres-
sion ratio of this work could be expressed as:

CR ¼ ðCs þ CdÞ ´ da ´ t
2 ´B ´ db ´ t

ð5Þ

where Cs and Cd are the photon count rate of the signal
and dark count, respectively; and da= 32 bit and db= 12
bit are the storage depths of the QCS imaging and
traditional sampling systems, respectively; B is the signal
bandwidth, t is the integration time. The relationship
between the data compression ratio and the SNR of the
QCS imaging system as a function of the photon count
rate is illustrated in Fig. 2e. We varied the photon count
rate of a single pixel from 3–20 kcps (counts per second),
and the data compression ratio decreases as the photon
count decreases. Since the bandwidth of QCS imaging is
2.05 GHz and its Nyquist sampling rate is 4.10 GHz, when
the photon counting rate is 3.0 kcps, the data compression
rate is 1.95 × 10−6 according to Eq. (5). The QCS imaging
offers a novel approach to acquire broadband information
by leveraging a limited number of photon detections,
thereby overcoming the longstanding limitations of
photon-counting imaging in dynamic object imaging. Its
impressive technical indicators, such as achieving imaging
bandwidth exceeding the GHz level and data compression
ratio at the 10−6 level, signify a remarkable advancement
in the field of imaging.

Noise resistance of QCS imaging
When the object exhibits dynamic features, QCS ima-

ging can effectively mitigate background noise inter-
ference by utilizing its broadband detection capabilities to
extract the object’s dynamic features. To investigate the
noise resistance capability of the QCS imaging system, a
tungsten lamp (Thor labs, SLS202L, 450 nm to 5.5 μm) is
used to simulate background noise. The intensity of the
background noise is gradually increased through a con-
tinuously adjustable attenuator. The flicker frequency of
the windmill is set at 1MHz, and the photon count rate of
the signal is set at 20 kcps. In general, background noise
photons exhibit complete randomness without any
dynamic characteristics. Therefore, extracting the
dynamic features of the object with our imaging approach
can significantly enhance noise resistance. Figure 3a pre-
sent the imaging results of the photon-counting imaging
and QCS imaging systems. The object becomes obscured

by noise in photon-counting imaging when the SBR is set
to 1/332; however, the QCS imaging system effectively
reconstructs a clear windmill profile with a high SNR of
25.86 dB.
A comprehensive analysis of the crucial factors influ-

encing the SNR, including the SBR and integration time,
is presented in Fig. 3b, c. The SNR of the photon-counting
imaging system sharply decreases with increasing back-
ground noise. When the SBR is less than 1/13, the SNR is
less than 0 dB, indicating that the signal is indistinguish-
able from the noise; thus, no image information can be
extracted. However, in the QCS imaging system, the SNR
exceeds that of the photon-counting imaging system by
11.08–22.06 dB, as depicted in Fig. 3b. Moreover, the SNR
of the QCS imaging system rapidly increases with
increasing integration time and exceeds that of the
photon-counting imaging system by 22.08 dB, as illu-
strated in Fig. 3c.
The SBRs mentioned in this study refer to the ratio of

the detected photon count rate of the signal and back-
ground, without considering any other prior information
about the object. Unlike spectral filtering, spatial filtering,
and gating techniques used in active single-photon ima-
ging, the method proposed in this paper provides strate-
gies for passive single-photon imaging to accomplish all-
weather tasks.

Application of quantum compressed sensing
To demonstrate the capability of QCS imaging in cap-

turing broadband dynamic information within a realistic
environment, we selected drone as our experimental
object. A rotor drone is characterized by its compact size
and dynamic properties due to the high-speed rotor
rotation. The flight states of the drone were initially
assessed in a controlled laboratory environment. The
images were obtained using a 32 × 32 SPAD array38–43.
Each pixel in the detector array operates independently,
and the integrated time digital conversion circuit provides
us with precise arrival times for each photon. By utilizing
a signal reconstruction algorithm, rotor image of drone
with sparse dynamic features could be recovered. The
results are presented in Fig. 4, where Fig. 4a is a photo-
graph of the drone and Fig. 4b shows direct 32 × 32
photon-counting images of the drone in the “power off”
state. Figure 4c, d show photon-counting images of the
drone in the “power off” and “power on” states with sub-
pixel scanning imaging44. (See the Materials and methods
for sub-pixel scanning imaging.) Limited by the long
integration time of the photon-counting imaging system,
real-time dynamic information about the rotor cannot be
acquired when the drone is powered on. Figure 4e shows
the dynamic imaging result of the drone captured by the
QCS imaging system at 530 Hz, corresponding to the
“hovering” flight state. Only two of the four rotors are
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increases, the imaging SNR of the QCS imaging con-
siderably increases, as depicted in Fig. 2c. The SNR is
defined herein as32:

SNR ¼ 10 log10
λ

σ

� �
ð4Þ

where λ is the mean value of the signal and σ is the
standard deviation of the noise. With the same photon
count rate, increasing the integration time significantly
improves the SNR. Conversely, when the integration time
is held constant, increasing the flicker frequency leads to a
decrease in the imaging SNR. Furthermore, the maximum
detectable flicker frequency of the system was examined,
as depicted in Fig. 2d. As the flicker frequency increased,
the SNR remained consistent across a wide bandwidth
range. In signal processing, the 3 dB bandwidth is a critical
metric for evaluating the bandwidth performance of a

measurement system. Here, the 3 dB bandwidth of the
QCS imaging system is the frequency range correspond-
ing to a 3 dB reduction of the SNR during an integration
time of 1 s, i.e., 2.05 GHz, as shown in the subplot of Fig.
2d. Further increases in the detectable bandwidth are
limited by the system time jitter33. The single-photon
detector and time-to-digital converter (TDC) used in this
study have time jitters of tr1= 350 ps and tr2= 200 ps,
respectively. Consequently, the overall system time jitter
is calculated as tr= (tr1

2 + tr2
2)1/2 ≈ 403 ps. This results in

a theoretical maximum effective detection bandwidth of
1/tr ≈ 2.48 GHz. However, in practical experiments, the
effective measurement bandwidth is diminished due to
frequency distortions and scattering noise. However, the
frame rate of the most advanced SPAD arrays can reach
hundreds of kHz. However, limited by the integration
time, storage depth and pixel scale, it is not mature in
practical applications. The measurable bandwidth has
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Fig. 2 Performance characterization of the broadband QCS imaging. a, b The photon-counting imaging and QCS imaging results of the
projected pattern. Three integration times were selected, and the SNR of the image was calculated for each case. c SNR of the QCS imaging system
versus the integration time at a dynamic frequency ranging from 10 kHz to 3.0 GHz. d SNR of the QCS imaging system versus the dynamic frequency
at integration times ranging from 0.4 s to 1 s. When the integration time is 1 s, the 3 dB bandwidth measured is 2.05 GHz. e Relationships between the
data compression ratio and photon count rate, and between the QCS imaging SNR and photon count rate at a dynamic frequency bandwidth of
2.05 GHz and an integration time of 1 s. When the photon count rate is 3 kcps, the data compression ratio is 1.95 × 10−6
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with a 50% duty cycle. (In Supplementary Note 4, the
rotor reconstruction of another drone with two blades is
discussed.) The position of the fan blade is determined
according to the ratio of R and D in Fig. 4e. The rotor
pattern of the drone can be reconstructed by plotting
these data in polar coordinates, as shown in Fig. 4h.
The image is a binary representation (0, 1) obtained by

applying a threshold of the half-height width to the nor-
malized time-domain waveform. See Supplementary Note 2
for detailed signal reconstruction algorithm of the QCS
imaging. In principle, according to the results of QCS
imaging bandwidth measurement in Fig. 2d, our work
enables the reconstruction of images with rotational speeds
exceeding GHz level. This breakthrough overcomes the
frame rate limitation inherent in conventional imaging
technology, thereby offering a novel approach for achieving
high-quality broadband imaging.
The QCS imaging provides us a new method for

detecting drones by extracting their dynamic features. To
demonstrate this, we first systematically characterize the
dynamic features of the drone. The drone utilized for
experiments is equipped with four rotors and has eight
flight states. We investigated the characteristic fre-
quencies of these four rotors across the eight flight states
using different drone models. The four rotors can be
classified into two distinct groups, namely, A and B
(Fig. 4a), with each group consisting of two diagonally
positioned rotors. The characteristic frequences of the
rotors are directly proportional to the rotational speed.
Table 1 lists the characteristic frequencies for the eight

flight states of Drone No. 1 (Shantou Xinkaiyang Toy
Technology Co., Ltd., mini 905). It shows that in the
“hovering” state of the drone, all four rotors stabilize at a
lower speed ~531 Hz. As the drone transitions to the
“rise” state, the rotational speed rapidly increases to
~1239 Hz. We compared the characteristic frequencies of
the flight states for three different drone models, showing
that each model of drone exhibits distinct characteristic
frequencies. Therefore, the flight state and drone model
can be accurately identified by extracting characteristic

Table 1 The characteristic frequencies for the eight flight
states of Drone No. 1

Drone fight

states

A1 rotor/Hz A2 rotor/Hz B1 rotor/Hz B2 rotor/Hz

Hovering 525 ± 4 536 ± 3 529 ± 2 533 ± 3

Rise 1234 ± 28 1219 ± 20 1271 ± 9 1233 ± 12

Turn left 1229 ± 3 1321 ± 14 773 ± 5 718 ± 4

Turn right 786 ± 6 707 ± 7 1255 ± 8 1226 ± 4

Move

forwards

988 ± 23 811 ± 13 1196 ± 12 1194 ± 6

Back 743 ± 29 936 ± 11 1092 ± 4 1285 ± 3

Towards the

left

926 ± 13 789 ± 28 1081 ± 3 1247 ± 4

Towards the

right

779 ± 10 996 ± 5 1187 ± 6 1131 ± 5
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shown here, and the other two have a characteristic fre-
quency of 490 Hz. The stationary fuselage and other
rotating rotors with different frequencies are significantly
suppressed in the image. Each pixel in the image shows
the dynamic feature at the corresponding spatial position.
In this study, the signal x represents the modulation

waveform of the radiated light field generated by the
rotation of the drone rotor. The signal reconstruction
algorithm of the QCS system estimates the signal x by
employing a time series y= [y1, y2, …, ym, …yM] of photon
detections, as described in Eq. (3). Firstly, a sparse
representation of the signal in the frequency domain was
obtained by performing discrete Fourier transform on the
time series, as shown in Fig. 4f. It illustrates the spectrum
of each pixel along the blade length D in Fig. 4e, which

includes nonzero terms ranging from the fundamental
frequency to the tenth-order frequency. Then the esti-
mation sparse coefficients were extracted from Fig. 4f by
setting a threshold. The time-domain waveform of signal
of each pixel can be reconstructed using the sparse
coefficients according to Eq. (3), as shown in Fig. 4g. Each
rotor is equipped with four blades, resulting in the pre-
sence of four square waves during each rotation. To show
the waveform more clearly, only a quarter-period wave-
form is presented in Fig. 4g. The peak and trough of the
recovered square wave represent the blade and non-blade
areas of the drone, respectively. Spanning from the center
to the edge of the rotor, the duty cycle of the time domain
waveform varies from 73.4% to 22.3%, where the pink
curves depicted in Fig. 4f–h represent demarcation lines
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with a 50% duty cycle. (In Supplementary Note 4, the
rotor reconstruction of another drone with two blades is
discussed.) The position of the fan blade is determined
according to the ratio of R and D in Fig. 4e. The rotor
pattern of the drone can be reconstructed by plotting
these data in polar coordinates, as shown in Fig. 4h.
The image is a binary representation (0, 1) obtained by

applying a threshold of the half-height width to the nor-
malized time-domain waveform. See Supplementary Note 2
for detailed signal reconstruction algorithm of the QCS
imaging. In principle, according to the results of QCS
imaging bandwidth measurement in Fig. 2d, our work
enables the reconstruction of images with rotational speeds
exceeding GHz level. This breakthrough overcomes the
frame rate limitation inherent in conventional imaging
technology, thereby offering a novel approach for achieving
high-quality broadband imaging.
The QCS imaging provides us a new method for

detecting drones by extracting their dynamic features. To
demonstrate this, we first systematically characterize the
dynamic features of the drone. The drone utilized for
experiments is equipped with four rotors and has eight
flight states. We investigated the characteristic fre-
quencies of these four rotors across the eight flight states
using different drone models. The four rotors can be
classified into two distinct groups, namely, A and B
(Fig. 4a), with each group consisting of two diagonally
positioned rotors. The characteristic frequences of the
rotors are directly proportional to the rotational speed.
Table 1 lists the characteristic frequencies for the eight

flight states of Drone No. 1 (Shantou Xinkaiyang Toy
Technology Co., Ltd., mini 905). It shows that in the
“hovering” state of the drone, all four rotors stabilize at a
lower speed ~531 Hz. As the drone transitions to the
“rise” state, the rotational speed rapidly increases to
~1239 Hz. We compared the characteristic frequencies of
the flight states for three different drone models, showing
that each model of drone exhibits distinct characteristic
frequencies. Therefore, the flight state and drone model
can be accurately identified by extracting characteristic

Table 1 The characteristic frequencies for the eight flight
states of Drone No. 1

Drone fight

states

A1 rotor/Hz A2 rotor/Hz B1 rotor/Hz B2 rotor/Hz

Hovering 525 ± 4 536 ± 3 529 ± 2 533 ± 3

Rise 1234 ± 28 1219 ± 20 1271 ± 9 1233 ± 12

Turn left 1229 ± 3 1321 ± 14 773 ± 5 718 ± 4

Turn right 786 ± 6 707 ± 7 1255 ± 8 1226 ± 4

Move

forwards

988 ± 23 811 ± 13 1196 ± 12 1194 ± 6

Back 743 ± 29 936 ± 11 1092 ± 4 1285 ± 3

Towards the

left

926 ± 13 789 ± 28 1081 ± 3 1247 ± 4

Towards the

right

779 ± 10 996 ± 5 1187 ± 6 1131 ± 5
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Fig. 4 Drone rotor image reconstruction via QCS imaging. a A photograph of the drone. b Photon-counting imaging using the SPAD array.
c, d Sub-pixel scanning photon-counting images of the drone in the “power off” and “power on” states, respectively. e QCS imaging at 530 Hz. R and
D represent the overall radius and blade length of the drone rotor, respectively. f The spectrum of each pixel on blade length D in (e). g The time-
domain waveforms reconstructed correspond to the spectra in (f). The inset shows the duty cycle of each waveform. h The reconstructed drone rotor
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shown here, and the other two have a characteristic fre-
quency of 490 Hz. The stationary fuselage and other
rotating rotors with different frequencies are significantly
suppressed in the image. Each pixel in the image shows
the dynamic feature at the corresponding spatial position.
In this study, the signal x represents the modulation

waveform of the radiated light field generated by the
rotation of the drone rotor. The signal reconstruction
algorithm of the QCS system estimates the signal x by
employing a time series y= [y1, y2, …, ym, …yM] of photon
detections, as described in Eq. (3). Firstly, a sparse
representation of the signal in the frequency domain was
obtained by performing discrete Fourier transform on the
time series, as shown in Fig. 4f. It illustrates the spectrum
of each pixel along the blade length D in Fig. 4e, which

includes nonzero terms ranging from the fundamental
frequency to the tenth-order frequency. Then the esti-
mation sparse coefficients were extracted from Fig. 4f by
setting a threshold. The time-domain waveform of signal
of each pixel can be reconstructed using the sparse
coefficients according to Eq. (3), as shown in Fig. 4g. Each
rotor is equipped with four blades, resulting in the pre-
sence of four square waves during each rotation. To show
the waveform more clearly, only a quarter-period wave-
form is presented in Fig. 4g. The peak and trough of the
recovered square wave represent the blade and non-blade
areas of the drone, respectively. Spanning from the center
to the edge of the rotor, the duty cycle of the time domain
waveform varies from 73.4% to 22.3%, where the pink
curves depicted in Fig. 4f–h represent demarcation lines
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surveyor, is 800 meters, while Drone No. 4’s take-off
altitude is 1214 meters. Taking into account the altitude
difference and the drone’s hovering height, the calculated
viewing angle is 2.4°. Although the detection SNR is lower
compared to top or upward views, it is still feasible to
capture the dynamic characteristics of the drone’s rotor
(refer to Supplementary Note 9 for different perspectives
on observing drone rotors). QCS imaging can extract the
dynamic characteristics of the drone’s rotor to suppress
the background noise. Figure 6g, h show QCS imaging,
and the position of the drone can be easily determined.
Figure 6i, j show the corresponding drone characteristic
spectrum, with characteristic frequencies of 164 Hz and
149 Hz, respectively. The characteristic frequencies of
different types of drones are influenced by factors such as
their volume, weight, the number of blades on the rotor,
and the performance of the rotor motor, leading to sig-
nificant variations. Specifically, Drone No.4 features a
two-bladed rotor, larger overall dimensions but with a
greater rotor area, stronger materials, and more powerful
rotor motors. Consequently, in the hovering state, Drone
No.4 exhibits a lower characteristic frequency compared
to Drones No.1–3. The characteristic frequencies for

various flight states of the drones are detailed in Table S3
of Supplementary Note 5. The difference in the char-
acteristic frequencies here is mainly due to wind. In
addition, we conducted a QCS large-field high-resolution
single-photon imaging of Twin Pagoda Temple at a dis-
tance of 400 m, and the experimental results are shown in
Supplementary Notes 6–8.
Although we have listed the characteristic frequencies of

different flight states of drones and experimentally verified
the feasibility of drone identification. However, in practical
applications, identifying the model and flight state of an
unknown drone still requires a significant amount of work,
such as building a database of characteristic frequencies
for all drone models. Furthermore, the characteristic fre-
quency of drones is subject to interference from various
factors, such as drone battery capacity, drone payload,
altitude, and weather conditions. So, we believe that in
real-world applications, it may only be possible to identify
the type of drone, such as toy drones, professional-grade
aerial photography drones, payload drones, and racing
drones, given that the rotor speed of these types of drones
varies significantly. This effectively addresses the applica-
tion requirements for the majority of drone detection.
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frequencies from a QCS image of a moving drone. To
assess the efficacy of QCS imaging in drone identification,
the characteristic frequencies of two models of drones
were measured in real time during different flight states,
as depicted in Fig. 5. Drone No. 1 maintained a “rise”
flight state throughout the test, while the flight state of
changed over time (see Supplementary Note 5 for the
characteristic frequencies of Drone No. 2). The spectrum,
shown in Fig. 5a, exhibits four characteristic frequencies
that were captured during a 10-second integration time.
In the time segment spectrum, we observed changes of
the drone’s flight states over time, as show in Fig. 5b–d.
The characteristic frequencies captured at intervals of
0–3.6 s, 3.6–7.9 s, and 7.9–10 s are (1228 ± 5, 800 ± 4),
(1228 ± 5,1010 ± 5), and (1228 ± 5,1103 ± 3) respectively,
corresponding to the flight states of Drones No. 1 and
No. 2 (rise, turn right), (rise, towards the left) and
(rise, turn left).

10 km drone detection with QCS imaging
The drone appears as a point object within the imaging

field of view when it is flying at a considerable distance. As
a point object, the drone cannot be identified directly with
traditional passive imaging technology. The imaging
technique discussed in this paper is a passive imaging
method. Here, we conducted daytime observations under
natural lighting conditions without additional lighting
sources. QCS imaging technology is used to capture the

sunlight scattered by the drone’s rotor and extract the
dynamic features of the drone at the single-photon level
to achieve accurate point target recognition. Field tests
were performed in Phoenix Mountain, located in Taigu
District, Shanxi Province. The imaging system is located
at Taigu East Station, with a test distance of 10 km, as
shown in Fig. 6a, b shows a close-up photo of the object
imaging scene, and Fig. 6c displays a photo taken by a
digital camera (Nikon D5600) from 10 km. During the
test, the weather condition was clear, and the longitude
and latitude coordinates of the observation point were E:
112.617723°, N: 37.446663°. The longitude and latitude
coordinates of the drone take-off point are E: 112.585449°,
N: 37.362617°. The detector used in the experiment is an
SPAD array with a scale of 32 × 32 pixels, and each pixel is
operated in time-correlated single-photon counting
mode, see the Materials and methods for a detailed
description of the experimental system. The experiment
was carried out during the daytime, and a PTZ was used
for scanning imaging. Figure 6d shows the photon-
counting imaging of the scene in Fig. 6c. The outlines of
the three towers and the mountain can be distinguished,
but the drone cannot be. The two Drone No.4 (DJI Marvic
3) are located in Fig. 6e, f, respectively. They occupy only
1 or 2 pixels in the images. Drone No. 4 lacks a rotor
guard, unlike the drone depicted in Fig. 4, allowing for the
capture of dynamic rotor information from any perspec-
tive. The imaging system’s altitude, as measured by a GPS
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surveyor, is 800 meters, while Drone No. 4’s take-off
altitude is 1214 meters. Taking into account the altitude
difference and the drone’s hovering height, the calculated
viewing angle is 2.4°. Although the detection SNR is lower
compared to top or upward views, it is still feasible to
capture the dynamic characteristics of the drone’s rotor
(refer to Supplementary Note 9 for different perspectives
on observing drone rotors). QCS imaging can extract the
dynamic characteristics of the drone’s rotor to suppress
the background noise. Figure 6g, h show QCS imaging,
and the position of the drone can be easily determined.
Figure 6i, j show the corresponding drone characteristic
spectrum, with characteristic frequencies of 164 Hz and
149 Hz, respectively. The characteristic frequencies of
different types of drones are influenced by factors such as
their volume, weight, the number of blades on the rotor,
and the performance of the rotor motor, leading to sig-
nificant variations. Specifically, Drone No.4 features a
two-bladed rotor, larger overall dimensions but with a
greater rotor area, stronger materials, and more powerful
rotor motors. Consequently, in the hovering state, Drone
No.4 exhibits a lower characteristic frequency compared
to Drones No.1–3. The characteristic frequencies for

various flight states of the drones are detailed in Table S3
of Supplementary Note 5. The difference in the char-
acteristic frequencies here is mainly due to wind. In
addition, we conducted a QCS large-field high-resolution
single-photon imaging of Twin Pagoda Temple at a dis-
tance of 400 m, and the experimental results are shown in
Supplementary Notes 6–8.
Although we have listed the characteristic frequencies of

different flight states of drones and experimentally verified
the feasibility of drone identification. However, in practical
applications, identifying the model and flight state of an
unknown drone still requires a significant amount of work,
such as building a database of characteristic frequencies
for all drone models. Furthermore, the characteristic fre-
quency of drones is subject to interference from various
factors, such as drone battery capacity, drone payload,
altitude, and weather conditions. So, we believe that in
real-world applications, it may only be possible to identify
the type of drone, such as toy drones, professional-grade
aerial photography drones, payload drones, and racing
drones, given that the rotor speed of these types of drones
varies significantly. This effectively addresses the applica-
tion requirements for the majority of drone detection.
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frequencies from a QCS image of a moving drone. To
assess the efficacy of QCS imaging in drone identification,
the characteristic frequencies of two models of drones
were measured in real time during different flight states,
as depicted in Fig. 5. Drone No. 1 maintained a “rise”
flight state throughout the test, while the flight state of
changed over time (see Supplementary Note 5 for the
characteristic frequencies of Drone No. 2). The spectrum,
shown in Fig. 5a, exhibits four characteristic frequencies
that were captured during a 10-second integration time.
In the time segment spectrum, we observed changes of
the drone’s flight states over time, as show in Fig. 5b–d.
The characteristic frequencies captured at intervals of
0–3.6 s, 3.6–7.9 s, and 7.9–10 s are (1228 ± 5, 800 ± 4),
(1228 ± 5,1010 ± 5), and (1228 ± 5,1103 ± 3) respectively,
corresponding to the flight states of Drones No. 1 and
No. 2 (rise, turn right), (rise, towards the left) and
(rise, turn left).

10 km drone detection with QCS imaging
The drone appears as a point object within the imaging

field of view when it is flying at a considerable distance. As
a point object, the drone cannot be identified directly with
traditional passive imaging technology. The imaging
technique discussed in this paper is a passive imaging
method. Here, we conducted daytime observations under
natural lighting conditions without additional lighting
sources. QCS imaging technology is used to capture the

sunlight scattered by the drone’s rotor and extract the
dynamic features of the drone at the single-photon level
to achieve accurate point target recognition. Field tests
were performed in Phoenix Mountain, located in Taigu
District, Shanxi Province. The imaging system is located
at Taigu East Station, with a test distance of 10 km, as
shown in Fig. 6a, b shows a close-up photo of the object
imaging scene, and Fig. 6c displays a photo taken by a
digital camera (Nikon D5600) from 10 km. During the
test, the weather condition was clear, and the longitude
and latitude coordinates of the observation point were E:
112.617723°, N: 37.446663°. The longitude and latitude
coordinates of the drone take-off point are E: 112.585449°,
N: 37.362617°. The detector used in the experiment is an
SPAD array with a scale of 32 × 32 pixels, and each pixel is
operated in time-correlated single-photon counting
mode, see the Materials and methods for a detailed
description of the experimental system. The experiment
was carried out during the daytime, and a PTZ was used
for scanning imaging. Figure 6d shows the photon-
counting imaging of the scene in Fig. 6c. The outlines of
the three towers and the mountain can be distinguished,
but the drone cannot be. The two Drone No.4 (DJI Marvic
3) are located in Fig. 6e, f, respectively. They occupy only
1 or 2 pixels in the images. Drone No. 4 lacks a rotor
guard, unlike the drone depicted in Fig. 4, allowing for the
capture of dynamic rotor information from any perspec-
tive. The imaging system’s altitude, as measured by a GPS
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resolution image is obtained through data post-
processing.

Experimental system for drone field detection
To demonstrate the remote drone detection, a Schmidt-

Cassegrain telescope (Celestron, AVX925, f= 2000mm,
D= 200mm) was used as the camera lens. The signal
light passes through the scanning mirror and is divided
into two beams by a beam splitter. One is recorded by the
SPAD array detector for QCS imaging, while the other
one is captured by a CCD (Thor labs, CS165CU/M) for
field of view calibration at the beginning of the experi-
ment. The imaging system is mounted on a heavy-duty
PTZ (Shandong Feiyue Electronics Technology Co., Ltd,
SP5050), with a scanning step of 0.01°. The PTZ and
scanning mirror constitute the scanning imaging system,
where the PTZ performs coarse scanning for a wide field
of view, while the scanning mirror performs sub-pixel
fine-scanning imaging. By developing a programmable
cooperative control module based on a single-chip
microcomputer to control the PTZ and scanning mir-
ror, single-photon imaging of wide-field scenes could be
achieved.
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Discussion
In this work, a broadband QCS imaging method is

proposed and used for remote passive drone detection. It
achieves the direct capture of broadband dynamic features
based on discrete sparse photon detections. The detect-
able bandwidth reaches up to 2.05 GHz, which is six
orders of magnitude higher than the most advanced
photon-counting imaging technology. The maximum
detectable rotational speed is determined by the time
jitter of photon detection. Additionally, this method
demonstrates excellent noise resistance by extracting
dynamic features of the objects. High-quality imaging was
realized even with a signal-to-background ratio of 1/332.
Since the rotor of the drone exhibits obvious dynamic
characteristics during flight, it provides a solution to the
long-standing problem of remote drone detection. We
successfully demonstrated drone detection at distances up
to 10 km. The technique also holds promise for high-
speed imaging, such as engine speed monitoring in
aerodynamic experiments and non-contact vibration
imaging in industrial detection, advancing the practical
use of single-photon imaging in real-world scenarios.

Materials and methods
Experimental set-up for QCS imaging
To quantitatively evaluate the bandwidth and noise

resistance of QCS imaging, an experimental setup with
controllable bandwidth and noise was established. The
experimental setup consists of an object simulation
module and a signal detection module, as depicted in
Fig. 7. The object simulation module is used to simulate
the object with high-frequency dynamic characteristics.

This module consists of two distributed feedback laser
(DFB) lasers (Sichuan lightsource optoelectronic tech-
nology Co. LTD., DFB-1550-10-PM-FA-M), with one
laser beam modulated by an electro-optical modulator
to generate the windmill section characterized by a
high-frequency flicker, and the other beam utilized to
generate the remaining static portion. The two beams
are attenuated and projected onto a screen, resulting in
the formation of a high-frequency dynamic pattern. This
pattern incorporates windmill blades and houses, with
the windmill blades projected using the modulated laser.
To replicate the background noise present in real-world
environments, a light source is used to illuminate the
imaging area. The signal detection module is utilized for
photon collection and detection. A scanning mirror is
used to scan each point in the projected pattern. Photon
detection is carried out using an SPAD, and photon
clicks are recorded using a TDC.

Sub-pixel scanning imaging
The imager (Photon Force, PF32) used in the experi-

ment integrates 32 × 32 SPADs, however, it still not
enough to directly take a clear image. Therefore, it is
necessary to expand the size of pixels to improve the
image quality. In the experiment, a method of sub-pixel
scanning was used for imaging. We developed a pro-
grammable controller based on a single-chip micro-
computer to control the high-precision scanning mirror
(Newport, FSM-300-01) in order to achieve sub-pixel
scanning imaging using the SPAD array. Considering the
pixel pitch (50 μm) and SPAD active area (diameter =
6.95 μm), sub-pixel division factors was set to 7. A high-

LA 1

LA 2

Att Att

IM
RF

Signal simulation

Projection

Signal collection

SMFSPAD LTDCPC

Passive optical detection system

High frequency dynamic

      signal simulation

SMF

Fig. 7 Schematic diagram of simulated windmill house experiment. The windmill part of the pattern has dynamic characteristics, with an
adjustable flicker frequency ranging from 10 kHz to 3.0 GHz, while the house part remains static. LA laser, Att attenuator, IM intensity modulation, SMF
single-mode fiber, RF radio frequency, SM scanning mirror, F filter, L lens, SPAD single-photon avalanche detector, TDC time-to-digital converter, PC
personal computer
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resolution image is obtained through data post-
processing.

Experimental system for drone field detection
To demonstrate the remote drone detection, a Schmidt-

Cassegrain telescope (Celestron, AVX925, f= 2000mm,
D= 200mm) was used as the camera lens. The signal
light passes through the scanning mirror and is divided
into two beams by a beam splitter. One is recorded by the
SPAD array detector for QCS imaging, while the other
one is captured by a CCD (Thor labs, CS165CU/M) for
field of view calibration at the beginning of the experi-
ment. The imaging system is mounted on a heavy-duty
PTZ (Shandong Feiyue Electronics Technology Co., Ltd,
SP5050), with a scanning step of 0.01°. The PTZ and
scanning mirror constitute the scanning imaging system,
where the PTZ performs coarse scanning for a wide field
of view, while the scanning mirror performs sub-pixel
fine-scanning imaging. By developing a programmable
cooperative control module based on a single-chip
microcomputer to control the PTZ and scanning mir-
ror, single-photon imaging of wide-field scenes could be
achieved.
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Discussion
In this work, a broadband QCS imaging method is

proposed and used for remote passive drone detection. It
achieves the direct capture of broadband dynamic features
based on discrete sparse photon detections. The detect-
able bandwidth reaches up to 2.05 GHz, which is six
orders of magnitude higher than the most advanced
photon-counting imaging technology. The maximum
detectable rotational speed is determined by the time
jitter of photon detection. Additionally, this method
demonstrates excellent noise resistance by extracting
dynamic features of the objects. High-quality imaging was
realized even with a signal-to-background ratio of 1/332.
Since the rotor of the drone exhibits obvious dynamic
characteristics during flight, it provides a solution to the
long-standing problem of remote drone detection. We
successfully demonstrated drone detection at distances up
to 10 km. The technique also holds promise for high-
speed imaging, such as engine speed monitoring in
aerodynamic experiments and non-contact vibration
imaging in industrial detection, advancing the practical
use of single-photon imaging in real-world scenarios.

Materials and methods
Experimental set-up for QCS imaging
To quantitatively evaluate the bandwidth and noise

resistance of QCS imaging, an experimental setup with
controllable bandwidth and noise was established. The
experimental setup consists of an object simulation
module and a signal detection module, as depicted in
Fig. 7. The object simulation module is used to simulate
the object with high-frequency dynamic characteristics.

This module consists of two distributed feedback laser
(DFB) lasers (Sichuan lightsource optoelectronic tech-
nology Co. LTD., DFB-1550-10-PM-FA-M), with one
laser beam modulated by an electro-optical modulator
to generate the windmill section characterized by a
high-frequency flicker, and the other beam utilized to
generate the remaining static portion. The two beams
are attenuated and projected onto a screen, resulting in
the formation of a high-frequency dynamic pattern. This
pattern incorporates windmill blades and houses, with
the windmill blades projected using the modulated laser.
To replicate the background noise present in real-world
environments, a light source is used to illuminate the
imaging area. The signal detection module is utilized for
photon collection and detection. A scanning mirror is
used to scan each point in the projected pattern. Photon
detection is carried out using an SPAD, and photon
clicks are recorded using a TDC.

Sub-pixel scanning imaging
The imager (Photon Force, PF32) used in the experi-

ment integrates 32 × 32 SPADs, however, it still not
enough to directly take a clear image. Therefore, it is
necessary to expand the size of pixels to improve the
image quality. In the experiment, a method of sub-pixel
scanning was used for imaging. We developed a pro-
grammable controller based on a single-chip micro-
computer to control the high-precision scanning mirror
(Newport, FSM-300-01) in order to achieve sub-pixel
scanning imaging using the SPAD array. Considering the
pixel pitch (50 μm) and SPAD active area (diameter =
6.95 μm), sub-pixel division factors was set to 7. A high-
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Fig. 7 Schematic diagram of simulated windmill house experiment. The windmill part of the pattern has dynamic characteristics, with an
adjustable flicker frequency ranging from 10 kHz to 3.0 GHz, while the house part remains static. LA laser, Att attenuator, IM intensity modulation, SMF
single-mode fiber, RF radio frequency, SM scanning mirror, F filter, L lens, SPAD single-photon avalanche detector, TDC time-to-digital converter, PC
personal computer
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Bipolar-barrier tunnel heterostructures for high-
sensitivity mid-wave infrared photodetection
Fakun Wang1, Song Zhu1, Wenduo Chen1, Ruihuan Duan 2, Tengfei Dai1, Hui Ma1, Congliao Yan 1, Shi Fang1,
Jianbo Yu1, Yue Zhang1, Qikan Dong1, Wenjie Deng 3, Zheng Liu 2 and Qi Jie Wang 1,4✉

Abstract
The rapid development of modern infrared optoelectronic technology has driven a growing demand for high-
sensitivity mid-wave infrared (MWIR) photodetectors capable of reliable room-temperature operation. Achieving
optimal specific detectivity, a critical performance metric for MWIR photodetection, remains challenging due to
inherent limitations imposed such as high dark current, low optical absorption, or both. To address these challenges,
we present an approach based on a bipolar-barrier architecture featuring a black phosphorus (BP)/MoTe2/BP tunnel
heterostructure integrated with an Au reflector. This configuration delivers simultaneous electrical and optical
enhancement, effectively suppressing dark currents and significantly increasing optical absorption. The bipolar-barrier
structure minimizes dark current by blocking thermally excited and bias-induced carrier leakage, while facilitating
efficient tunneling of photogenerated carriers via trap-assisted photogating mechanisms. In addition, the Au reflector
enhances optical absorption through interference effects. As a result, the heterostructure achieves remarkable
performance metrics, including a room-temperature specific detectivity of ∼3.0 × 1010 cm Hz0.5 W−1, a high
responsivity of ∼4 AW−1, and an external quantum efficiency of ∼140% within the MWIR range. These results establish
the bipolar-barrier tunnel heterostructure as a highly efficient platform, paving the way for the next generation of
advanced infrared optoelectronic devices.

Introduction
Mid-wave infrared (MWIR, 3–5 μm) photodetectors are

essential for modern optoelectronic technology applica-
tions including night vision, medical diagnostics, optical
communications, spectroscopy, and object inspection1–8.
High-performance MWIR photodetectors with weak-light
detection capabilities are particularly desirable. Specific
detectivity (D*), a crucial performance metric, is strongly
influenced by the suppression of dark current, which
arises from mechanisms such as diffusion, generation-
recombination (G-R) associated with Shockley-Read-Hall
(SRH) processes, tunneling, and surface leakage cur-
rent9–11. To overcome these limitations, various unipolar
barrier structures (e.g. n-B-n and p-B-p) have been

developed to suppress dark current by blocking majority
carrier flow in conventional semiconductors (e.g. HgCdTe
and III-V)10,12,13 and emerging two-dimensional (2D)
materials (e.g. BP and b-AsP)9,14,15. Despite these
advancements, achieving high performance at room
temperature remains challenging due to thermally excited
and bias-induced minority carriers that significantly
contribute to dark current. Furthermore, the limited
photon-trapping capability of nanoscale 2D materials
constrains photoelectric conversion efficiency16–22.
Therefore, simultaneous optimization of both electrical
and optical properties is crucial for superior room-
temperature MWIR photodetection.
In this work, we propose a bipolar-barrier structure

based on 2D BP/MoTe2/BP heterostructures integrated
with a Au reflector to achieve high-sensitivity MWIR
photodetection at room temperature. In this architecture,
the MoTe2 bipolar-barrier layer effectively blocks both
majority holes and minority electrons from the p-type BP
photoactive layers due to the intentionally introduced
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