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Abstract—As an emerging technology that has attracted huge
attention, non-line-of-sight (NLOS) imaging can reconstruct
hidden objects by analyzing the diffuse reflection on a relay
surface, with broad application prospects in the fields of au-
tonomous driving, medical imaging, and defense. Despite the
challenges of low signal-to-noise ratio (SNR) and high ill-
posedness, NLOS imaging has been developed rapidly in recent
years. Most current NLOS imaging technologies use conventional
physical models, constructing imaging models through active
or passive illumination and using reconstruction algorithms to
restore hidden scenes. Moreover, deep learning algorithms for
NLOS imaging have also received much attention recently. This
paper presents a comprehensive overview of both conventional
and deep learning-based NLOS imaging techniques. It is an
updated version of our peer-reviewed journal paper published
in APSIPA Transactions on Signal and Information Processing
(2022, vol. 11, pp. 1-48, DOI: 10.1561/116.00000019), extended
to cover significant advances from 2022 to 2026; the content
added in this update has not undergone peer review. In particular,
we highlight the emergence of transformer-based and diffusion-
model-based reconstruction networks, the achievement of real-
time dynamic NLOS video, the extension of NLOS imaging to
non-optical modalities such as radar and ultrasound, and the
exploration of new application scenarios including human pose
estimation and super-field-of-view imaging. Besides, we survey
new proposed NLOS scenes, and discuss the challenges and
prospects of existing technologies. Such a survey can help readers
have an overview of different types of NLOS imaging, thus
expediting the development of seeing around corners. A curated
list of 150+ NLOS papers and an interactive project homepage
are available at https://github.com/ruixv/NLOS_Overview and
https://ruixv.github.io/NLOS_Overview/.
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I. INTRODUCTION

With the rapid development of photon-sensitive sensors and
imaging algorithms, optical imaging capabilities have been
greatly improved in recent years. Within the line of sight, high-
quality imaging can be achieved at a relatively long distance.
However, due to the inherent physical constraint of visible
light, traditional optical imaging is difficult to see objects
outside the line of sight. To break that restriction, non-line-
of-sight(NLOS) imaging analyzes the diffuse reflection from
a relay wall to image hidden objects, which has broad appli-
cations in many fields, such as medical imaging, autonomous
driving, and robotic vision [1], [2].

According to whether a controllable light source is used,
NLOS imaging can be divided into active imaging and passive
imaging. Active NLOS imaging often uses expensive external
light sources with high temporal resolution(e.g., ultrafast laser)
to illuminate the diffuse relay surface. Simultaneously, a
sensitive time-resolved detector is used to detect the light
reflected on the relay surface, hidden objects, and relay surface
in sequence. The collected effective light is often referred as
the three-bounce light since it is reflected by three surfaces
(relay surface, hidden objects, and relay surface) in succession.
Then, the collected three-bounce light is analyzed by different
algorithms(e.g., backprojection [3], [4], inverse methods [5]
and wave-based methods [6], [7]) to reconstruct the hidden
scene. Since the active methods can collect different kinds of
information, including intensity, time, and coherence, the ac-
tive methods can perform a high-resolution 3D reconstruction.
On the other hand, passive methods do not use a controllable
external light source but use ambient light or light emitted
by hidden objects to complete NLOS imaging. Despite the
low cost, passive methods usually can only collect intensity
[8] or limited coherence information [9], [10] and usually
complete low-quality 2D reconstruction or localization, while
a few recent works can estimate both hidden shape and depth
with partial occluder [11], [12].

Four typical NLOS imaging setups are shown in Figure 1,
and there are many challenges when realizing the NLOS
imaging. First, due to the high-order loss with distance and
environmental noise during the light transport process, NLOS
imaging is an ill-posed problem with low SNR, making
high-quality reconstruction extremely difficult [13]. Different
hidden scenes may produce the same measurement, which
deepens the ill-posedness of the problem [14]. Second, the
spatial resolution of the reconstruction result is limited by
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Fig. 1. Four typical NLOS imaging setups

the size of the scanning area (aperture size) and the system’s
temporal resolution. When the size of the hidden scene is
large or complex, the spatial resolution will be limited by
the computational complexity [1]. Third, the data collection
time is too long [15]. Typical time-resolved NLOS imaging
needs a scanning process to obtain data, making it difficult
to reconstruct in real-time with high quality. Although array
detectors (e.g., SPAD array) are promising to eliminate the
scanning process [16], they have not yet been fully explored.

Despite the difficulties, many emerging innovative methods
have achieved NLOS imaging under certain scenarios in recent
years. Figure 2 summarizes recent NLOS imaging research. It
can be seen that the conventional methods based on physi-
cal imaging models, are still the mainstream of research in
recent years. Conventional methods rely on imaging setup
and illumination (e.g., active or passive), which are commit-
ted to developing three factors in NLOS imaging: advanced
hardware systems, accurate forward imaging models and ef-
fective reconstruction algorithms. For example, [17] deployed
confocal settings and dual-telescope to complete an amazing
1.43km NLOS imaging. Liu et al. exploited the phasor field
to convert NLOS imaging model to LOS imaging model [2],
[6], thus achieving high-quality reconstruction of complex
scenes. [1] subtly converted NLOS reconstruction into a three-
dimensional deconvolution problem. All these works have
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greatly promoted the development of NLOS imaging.

Besides conventional methods, the application of deep
learning in NLOS imaging has also been rapidly developed.
According to network design principles, the deep learning
methods used in NLOS imaging are divided into end-to-end
networks [18] and physics-based networks [19], [20]. Com-
pared with conventional algorithms, deep learning algorithms
can thoroughly learn the scene prior, automatically extract
features, and complete the reconstruction of hidden objects.
Although NLOS imaging based on deep learning is still at
the early stage, it has broad research prospects for practical
applications. Moreover, some new types of NLOS scenes,
such as “imaging behind occluders” [21] that used two reflec-
tions behind obstacles and keyhole imaging [22], have also
been proposed, enriching the applications of NLOS imaging.
This article aims to make a detailed review of the various
types of NLOS imaging research mentioned above, including
conventional active and passive methods, deep learning-based
NLOS imaging, and new NLOS scenarios. The corresponding
challenges and opportunities will also be discussed. We hope
this article can help readers have a systematic understanding
of existing NLOS imaging research.

Compared to the existing surveys [23], [24], this article
is much more comprehensive with the coverage of different
NLOS imaging scenes, deep learning algorithms, and new
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Fig. 2. An overview of NLOS imaging.

NLOS imaging scenarios. As an emerging technology that
has developed rapidly in recent years, the algorithms and
applicable scenarios of NLOS imaging are constantly growing.
Survey [23] summarized the research of NLOS imaging in de-
tail by classifying existing methods based on ToF information,
coherent information, and intensity information. However, it
completes the review from the perspective of the information
used, and has less introduction to imaging models, reconstruc-
tion algorithms, and recent deep learning methods. Besides,
in [23], the passive imaging problem was only a subset
of different exploited information and thus not described in
detail. Another review [24] provided and summarized the key
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technologies of laser-based active NLOS imaging, which how-
ever lacked the description of passive NLOS imaging, deep
learning methods and new NLOS scenes. On the contrary, this
article summarizes the latest active and passive NLOS imaging
research based on physical methods and provides a detailed
summary and analysis of the latest deep learning algorithms,
including the advantages, types, challenges, and prospects.
Besides, this article also summarizes several new types of
NLOS imaging scenarios. Notice that such summarization can
help readers have an overall understanding of NLOS imaging,
which however cannot be found in the existing surveys [23],
[24].



The remainder of this article is organized as follows. In

Section II, we first introduce the existing work of active NLOS
imaging from three aspects: the hardware, forward propagation
model, and reconstruction algorithms. We also discuss the
challenges and prospects of active NLOS imaging. Then, in
Section III, the related work, including the hardware, forward
model, and reconstruction algorithms, as well as the challenges
and prospects of passive NLOS methods, are summarized
respectively. In Section IV, we review the deep learning
algorithms that have emerged in recent years from their
motivations, network structures, loss functions, corresponding
challenges, and prospects. The new NLOS imaging scenarios
are discussed in Section V and conclusions are drawn finally in
Section VI. Figure 2 clearly illustrates the relationship between
the structure of this article and the current development of
NLOS imaging technologies. It should be noted that imaging
through a scattering medium [25], [26] does not belong to the
NLOS imaging scope in this article.
Update (2022-2026). Since the original version of this survey
(published in 2021), NLOS imaging has undergone rapid
and dramatic advances across all fronts. On the hardware
side, novel detector designs such as gradient-gated SPAD
arrays [27] and superconducting nanowire single-photon de-
tectors (SNSPDs) operating at infrared wavelengths [28] have
extended the capability of time-resolved systems. On the
algorithmic side, the introduction of transformer-based archi-
tectures [29], [30], state-space models [31], graph neural net-
works [32], and diffusion model priors [33] has significantly
advanced the reconstruction quality and real-time performance
of NLOS systems. Real-time NLOS video at 4 fps for room-
sized dynamic scenes has been demonstrated [34], marking a
landmark towards practical deployment. Beyond the classical
optical setting, NLOS imaging has been extended to mmWave
radar [35] and ultrasound [36], opening new application
domains. New NLOS scenes have also emerged, including
human pose estimation [37] and polarization-based scanning-
free single-pixel imaging [38]. This updated survey incorpo-
rates these advances and provides an up-to-date reference for
researchers in the field.

II. ACTIVE METHODS

Active NLOS imaging employs a controllable light source
(usually a narrow-band laser) and a detector to obtain reflected
information, which is then used to reconstruct hidden scenes.
This section introduces recent advances of active NLOS imag-
ing from three parts: hardware devices, physical light transport
models, and reconstruction algorithms. Besides, the challenges
and prospects of active NLOS imaging are analyzed at the end
of the section. Table I summarizes active imaging systems,
where each row of the table lists the light source, sensor,
information, and task for different NLOS imaging techniques.

A. Hardware Devices in Active Methods

A variety of detectors, from professional interferome-
ters [47] and single-photon counters [40], [70] to ordinary
cameras and even cell-phone cameras, have been used in
NLOS imaging. Different detectors need to be combined with

corresponding illumination sources to complete specific NLOS
tasks. Here, we introduce such combinations to describe what
hardware is used in active NLOS imaging.

1) Pulsed laser and high temporal resolution detector:
NLOS imaging was first proposed in a time-resolved imaging
work by Raskar and Davis [71], first theoretically evolved by
Kirmani et al. [72] and experimentally demonstrated by Velten
et al. [3]. All of these works [3], [71], [72] were in the context
of active time-resolved transient imaging, also called “light-
in-flight imaging” or “freezing light in motion” [24].

Transient imaging uses an ultrafast pulsed laser as the light
source and a high time-resolved detector as the camera to
measure the time of the photon arrival event in each pulse
period, and then obtain the time distribution of photon events
through the accumulation of multiple pulse periods, which then
is converted to transient images. Considering that transient
imaging is based on pulsed lasers and high-time-resolved
detectors, the combination of pulsed laser and high-time-
resolved detector is one kind of hardware used in active NLOS
imaging.

Streak cameras When NLOS imaging was first experimen-
tally achieved by Velten et al. [3], the time-resolved detector
was a streak camera with extremely high temporal resolution.
As an important optical time characteristic measurement detec-
tor, streak camera has been widely used in the experimental
research of ultrafast physical processes such as laser fusion
and high energy density physics [73]. When the ultrafast
light signal passes through the slit of the streak camera, the
photoelectric conversion is completed. These photoelectrons
are accelerated and focused under the high-voltage electric
field’s action and enter the scanning system. Within the
linear range of the voltage, the vertical distance between the
photoelectron’s position and the original movement direction
is proportional to the time of which the photoelectron enters
the scanning plate, hence completing the conversion of time
information to space information. Finally, using the function
between the optical signal’s spatial information and the scan-
ning speed of the streak camera, the temporal information of
the optical signal is obtained, which can be reconstructed to
get transient images.

The temporal resolution of the streak camera is remarkably
high. In [3], the theoretical resolution could reach 2ps (limited
by a finite temporal-point spread function of the camera,
the effective temporal resolution was 15ps), and the most
advanced streak camera at present can reach a temporal
resolution of 200 ~ 300 fs. However, streak cameras are too
expensive (typically more than 70,000£), limiting the practical
application of NLOS imaging. Therefore, later works attempt
to use an inexpensive time-resolved detector to complete active
NLOS imaging.

SPAD (Single Photon Avalanche Diode) In 2015, Buttafava
et al. [40] demonstrated that SPAD (Single Photon Avalanche
Diode) is feasible for NLOS imaging. In Geiger mode, a
single photon may trigger an avalanche of about 10 carriers,
which can be used as a single photon counter and get pretty
accurate photon timing. The current commercial SPAD covers
the wavelength range from 300nm to 1700nm. Among them,



TABLE I
ACTIVE NLOS IMAGING

Reference Illumination Sensor

Information Task

[31, [39]
[11, [2], [6], [71, [13], [15],

Pulsed laser

Streak camera

Time of fight 3D reconstruction

[17]-[19], [40]-[52] Pulsed laser SPAD Time of fight 3D reconstruction

[53](!ong range), [54], Pulsed laser SPAD Time of fight ]?etecpon/ Tracking/ Iden-

[55](single point) tification

[56] Pulsed laser SPAD Time of fight Pose estimation

[16], [57] Pulsed laser SPAD array Time of fight 3D reconstruction

[58] Pulsed laser SPAD array Time of fight l?etec.tlon/ Tracking/ Iden-
tification

[471, [59], [60] Pulsed laser Interferometer Coherence 3D reconstruction

[5], [61] Modulated laser ToF camera Time of fight 3D reconstruction

[62] Integrated LiDAR ?ite;)th and inten- 35 o construction

[21], [63] Continuous laser Conventional camera Intensity 3D reconstruction

[64]-[66] Continuous laser Conventional camera Intensity ]?etecgon/ Tracking/ Iden-
tification

[67] Ipcoherent light source (imaging Conventional camera Intensity l?etecpon/ Tracking/ Iden-

side) tification
[68] irilgé))herent light source (imaging Conventional camera Intensity 2D reconstruction
[69] Speaker Microphone Acoustic "ToF” 3D reconstruction

Si SPAD corresponds to 300 ~ 1100nm, Ge SPAD corre-
sponds to 800 ~ 1600nm, and InGaAs SPAD corresponds to
900 ~ 1700nm [74]. Therefore, most existing methods with
visible light (e.g., 675nm in [1]) used Si SPAD (e.g., PDM
series from Micro Photon Devices), while the recent 1.43km
NLOS imaging [17] with infrared spectrum (~ 1550nm) used
InGaAs/InP negative-feedback SPAD.

Combined with time-correlated single-photon counting

technology, SPAD can be used to obtain a histogram of
photon arrival time of different points, i.e., transient images. In
addition to the relatively lower cost (about 10000£), compared
to streak cameras, SPAD has the following advantages. First,
as a subset of APDs (avalanche photodiode), although the
temporal resolution(~ 20ps) is lower than streak cameras,
the SPAD has a higher quantum efficiency(~ 70%) which
means that it is more suitable for NLOS imaging scenes
with weak effective signals. The work in [17] which used
SPAD to complete an amazing 1.43km NLOS imaging is a
typical example. Moreover, SPAD has been widely used in
commercial LiDAR systems, and the SPAD array, which can
avoid the mechanical raster scan process, has the potential to
save scanning time and realize real-time data collection for
active NLOS imaging.
Pulsed laser In transient imaging, the laser plays the role of
illumination, triggering, and synchronization. Compared with
time-resolved detectors, lasers have relatively low require-
ments and are more affordable than detectors. Nevertheless, it
should still meet the following requirements. First, the pulse
period of the laser should be adjustable to ensure that it
can meet the requirements of different scene sizes without
causing excessive noise. Second, in order to achieve accurate
synchronization, the pulse width of the laser should be narrow
with low jitter. Besides, its wavelength should be consistent
with the response frequency of the detector.

Although the combination of pulsed lasers and time-
resolved detectors suffer from long scanning time when col-
lecting data, it is still the most popular active NLOS imaging

camera method. It can obtain accurate time information and
the potential applications of scanning-free technologies, such
as SPAD array [16], [57], [75].

Recent SPAD Advances. Specialized SPAD array designs
tailored to NLOS imaging have emerged in recent years to
address detector saturation from strong direct-path reflections.
Riccardo et al. developed a fast-gated 16 x 16 SPAD array
with 16 on-chip 6ps time-to-digital converters that can se-
lectively gate out the direct-bounce photons while recording
the weaker NLOS signal [76]. Taking this further, gradient-
gated SPAD arrays apply a spatially varying gate delay across
the pixel array, providing improved suppression of saturating
photons with minimal hardware overhead [27]. Beyond silicon
SPADs, Feng et al. demonstrated NLOS imaging at infrared
wavelengths (~ 1550 nm) using a superconducting nanowire
single-photon detector (SNSPD), which offers superior timing
jitter and detection efficiency at telecommunication wave-
lengths [28]. Operating at infrared wavelengths enables NLOS
imaging under stronger ambient light and through atmospheric
conditions that challenge visible-wavelength systems.

Active Focusing for High Resolution. An entirely different
paradigm uses wavefront shaping rather than time-of-flight
to realize NLOS imaging. Cao et al. proposed the UN-
COVER (Unseen Non-line-of-sight Casted Optical aperture
Visibility-Enhanced Return) method, which actively focuses
light through the scattering relay wall onto the hidden tar-
get using iterative wavefront shaping, then reconstructs by
raster scanning the focus [77]. This approach achieves a
distance-to-resolution ratio of approximately 900, surpassing
conventional ToF-based NLOS imaging by more than an order
of magnitude. At a target distance of 0.55m, UNCOVER
achieves a spatial resolution of ~ 0.6 mm, demonstrating the
potential of active-optics-based NLOS imaging for millimeter-
scale resolution.

2) Modulated light source and ToF camera: In addition to
the pulse-based ToF measurement, by encoding the ToF into



phase measurement, a ToF camera combined with a modulated
light source has also been proposed to obtain the light travel
time to complete NLOS imaging [5], [61]. Compared with
pulse-based photon-level detectors, ToF cameras have some
obvious advantages. First, it can complete data collection with-
out scanning, thereby reducing data collection time. Second,
its price is much lower (about 1000£) than streak camera and
SPAD. However, due to the influence of frequency aliasing,
the measurement distance of the ToF camera is limited (no
more than 10m). Besides, due to the longer exposure time, the
ambient noise of the ToF camera is usually greater, limiting the
temporal resolution to ns level with ¢m imaging resolution.
However, in practical active NLOS imaging scenarios, the
modulated light source and ToF camera are on the same
side, which would increase the direct bounce signal from
the wall and decrease the hidden signal (the third-bounce
light), resulting in poor SNR. Therefore, in general, the ToF
camera is more suitable for NLOS scenes that require real-time
performance without high imaging quality.

3) Active light source and interferometry: Pulse-based de-
tectors and coherent-based ToF cameras are the two main
active NLOS imaging cameras. However, their resolution is
strongly restricted, difficult to break through the ~ mm level.
The resolution of the pulse-based detector is limited by the
pulse width of the laser (~ ps), while the coherent ToF camera
is limited by the modulation frequency (~ ns). To achieve
higher resolution (~ wum), interferometers have also been
applied to NLOS imaging. Unlike those ToF-based cameras
that can only be used for active imaging as mentioned above,
the interferometer can not only be combined with narrowband
LEDs or coherent light for active imaging, but also be used
with ambient light for passive imaging. For active methods,
Xin et al. used the imaging device in [78] to complete the
NLOS imaging of coin-sized scenes and achieved femtosecond
scale resolution [47]. Willomiitzer et al. utilized lasers with
two wavelengths to complete high-resolution NLOS imaging
based on superheterodyne interferometry (SHI) with a reso-
lution of about 50um [59]. Some studies performed passive
NLOS imaging by applying narrowband or ambient illumina-
tion to hidden objects, which will be introduced in Section
III. Compared with streak cameras, SPAD, and ToF cameras,
the interferometers can achieve higher resolution but with the
disadvantages of higher hardware complexity and cumbersome
calibration.

4) Laser and conventional camera: In this paper, a con-
ventional camera refers to a camera that uses conventional
intensity sensors, such as CCD or CMOS array, which cannot
record spatial/temporal coherent information or ToF informa-
tion. Since transient images cannot be measured, imaging
using traditional cameras is often called steady-state imag-
ing. Because conventional cameras can only record inten-
sity information, they are mainly used in passive NLOS
imaging. However, because the conventional camera has the
advantages of not requiring scanning and low cost, Chen
et al. completed RGB active NLOS imaging using lasers
with different wavelengths for illumination and exploiting
conventional cameras to collect intensity information [63].
Due to the lack of distance information, it is not easy to

complete high-precision three-dimensional reconstruction only
using conventional cameras.

5) LiDAR: Although most existing works have used sepa-
rate light sources and detectors, recent work [62] exploited a
commercial LiDAR, which integrated light source and detec-
tor, to complete NLOS imaging. For the imaging area on the
relay surface that is close to LiDAR, most of the collected
information is the direct reflection from the relay surface.
However, for the area on the relay surface that is closer to the
hidden object, the collected information mainly encodes the
shape of the hidden object, which can be utilized to restore
3D shapes. The existing commercial LiDAR can only provide
point cloud output, instead of transient images. Therefore, the
classic active NLOS reconstruction methods, such as FBP
[3], LCT [1] and phasor field [2], cannot currently be used
in LiDAR-based systems. [62] used deep learning to fuse
point cloud information and reflection intensity information
to complete the reconstruction. Compared with separate laser
and time-resolved detectors, integrated LiDAR have lower cost
and faster imaging speed, with the cost of poor imaging detail.
To replace the separate laser and cameras in NLOS systems,
existing commercial LiDAR needs to solve the problem of
crosstalk between multi-channel lasers under NLOS conditions
and provide original temporal signals rather than point cloud
after processing.

B. Forward propagation model

The forward propagation model of active NLOS imaging
aims to establish the imaging model of measurement. The
current imaging models are mainly divided into ToF-based
imaging models and wave-based imaging models. The ToF-
based imaging model [1], [3] uses geometric optics to establish
the model with the flight distance and surface albedo or normal
direction as constraints. The wave-based imaging model [6],
[7] mainly uses wave optics to construct the propagation and
reflection of waves with boundary conditions.

1) ToF-based model: The transient-based forward model
established using time of flight as a constraint is a classic
active NLOS imaging model. This type of model is based
on point-by-point scanning, leading to a long scanning time.
Therefore, there are many methods proposed to improve the
scanning mechanism, represented by the confocal setting [1].
Besides, 3D reconstruction is an ill-posed problem, and using
partial occlusion to add additional constraints is also a repre-
sentative improvement [13]. Therefore, we review the general
ToF-based NLOS image formation model, followed by the
confocal imaging and occlusion-based models.

General NLOS imaging model. The imaging model fits the
optical transport process by expressing the measurement data
7 as a function of the hidden object space 2 € R3. As shown
in Fig. 1-(a), the emitted laser first irradiates at the illumination
point i on the wall, causing the first bounce. Then, the second
bounce occurs on the surface of the hidden object. Finally,
the detection point p/ on the wall is collected after the third
bounce. For a given illumination point p, the collected signal
7 by the detection point p’ at time ¢ can be expressed as [1]
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where s represents a point on the hidden object, and p(s)
represents the albedo of point s. F' refers to the optical transfer
process from the illumination point y to the detection point 1/,
reflected at the surface of hidden object s. R means the am-
plitude attenuation. B represents the bidirectional reflectance
distribution function (BRDF).

According to geometric optics, with the speed of light ¢, the
optical transport process F' should satisfy ||u — s||2 + |1 —
slla = et, which can be represented by delta function 4().
Please note that this 6() function is established based on two
assumptions: (1) Only three-bounce light is considered; (2)
There is no interreflection in the hidden scene. The attenu-
ation is inversely proportional to the square of the distance.
Therefore, assuming that light scatters isotropically, Eq. (1)
can be re-written as

1
(o t) = [ o)l = sl
= sl — 518 Jo

+ ' = sll2 — ct)ds
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Equation (2) can be discretized into a linear transform of
equations
T=Ap (3)

where A is the optical transport matrix, which maps the hidden
scene p to measurement 7. In the general NLOS setup, p has
three spatial dimensions of z, y, and 2, and 7 has 5 dimensions
(4 spatial dimensions and 1 time dimension). Therefore, the
calculation complexity of matrix A is extremely high. Besides,
it is an under-constrained problem inherently. In addition, too
many scanning points lead to a long scanning time. In order to
solve these problems, many new methods have been proposed
(see Sec. II-E2 for details). The confocal setup [1] and adding
additional obstacles [13], [42] are frequently used methods in
recent studies, as introduced in the following.

Confocal NLOS imaging model Through a beam splitter, the
laser and the detector can be placed coaxially, which means
“confocal”, as shown in Fig. 1-(b). In the confocal NLOS
imaging model, the illumination and detection points are same
during each scan, i.e., 4 = u/, which can be substituted into
Eq. (2)

1
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O’Toole et al. proved that under confocal conditions, the
imaging model could be further converted to the convolution of
the hidden object albedo p after resampling with the system
response function, which can be solved quickly by Fourier
transform. However, under the confocal setting, the SPAD
detector receives direct reflections, which may aggravate the
pile-up effect [79]. In order to alleviate the influence of direct
reflections, [17] and [1] illuminate and image two slightly (to
avoid affecting the confocal imaging model) different points
on the relay wall.

Occlusion-based active NLOS imaging model For the
occlusion-based imaging model, all that needs to be done
is to add the visible item V(u, ', s) to the imaging model,
which means the occlusion relationship between (u,s) and
(¢, s). Generally, V(u,u',s) is a boolean variable, i.e.,
V(p, 1’y 8) = 0 if and only if there is no occlusion, otherwise
V(p,p'y8) = 1 [13]. In the study with partial occlusion,
the value of V(u,p',s) is allowed to be continuous [42].
An interesting but predictable fact in NLOS imaging is that
the occlusion term V' (u, i, s) can be unified into the optical
transport matrix A and reduce the condition number, which is
helpful for reconstruction.

It should be noted that Eq. (2) only considered 3-bounce
diffuse reflections. Since the number of photons decreases
exponentially with the order of diffuse reflections, 3-bounce
reflections is sufficient for current NLOS imaging. The limi-
tations of 3-order reflections are discussed in detail in [14].

2) Wave-based model: The wave-based NLOS imaging
model regards the forward imaging model as the propagation
of waves from hidden objects to detectors in 3D space. Lindell
et al. recorded the light field in space as ¥(z,y, 2,t), then
the forward model can be converted to wave propagation from
U(x,y,2,t = 0) to ¥(x,y,z = 0,t). Specifically, The time-
dependent field ¥ can be written as a superposition of plane
waves [7]

\Ij(x7y72§7t) :///(b (ka:, ky, kz) e27ri(km:c+k'yy+k'zz—ft)
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where the wave vector k = 27 - (kg, ky, k,) indicates the
direction of propagation of the independent plane wave [7].
[ = c\/k2+kZ+ kZ means the relationship between the
wave vector k and frequency f when the speed of light is
c. The function ® represents the amplitude and phase of each
plane wave at ¢ = 0. After that, f-k migration is used to solve
the problem in the frequency domain through fast Fourier
transform (FFT) and Stolt interpolation (see Sec. I1.D.II-D2
for details).

The phasor field methods [2], [6], [60], which have attracted
widespread attention recently, regard the NLOS imaging as a
diffraction-based LOS (line-of-sight) optical imaging problem.
The projector function and diffraction function are determined
by selecting a suitable LOS template, thereby directly recon-
structing the hidden scene. Although based on wave propa-
gation, these methods are all suitable for ToF measurement,
making it easy to collect data and apply the model to public
NLOS imaging datasets.

C. Reconstruction topology

The reconstruction algorithms of active NLOS imaging have
been developed rapidly in recent years [1], [6], [47]. Here,
we review these reconstruction methods from two aspects:
topology and methodology. Reconstruction topology is classi-
fied according to different reconstruction targets (Volumetric,
Surface and High-level representation), and reconstruction
methodology is based on different reconstruction methods
(Inverse method and Wave-based methods).



1) Volumetric: The volumetric NLOS methods reconstruct
the hidden scene by estimating the albedo values of the hidden
scenes, which is the most naive idea in NLOS reconstruction.
In 2012, Velten et al. used filter back projection (FBP) to
estimate the albedo of the hidden object surface based on
the measurement data and completed the NLOS reconstruction
for the first time [3]. Many classic algorithms, such as light
cone transform (LCT) [1], which exploited confocal settings
to convert NLOS reconstruction into a 3D deconvolution
problem, and wave-based algorithms [6], [7], all aim to restore
the albedo of voxels.

The volumetric methods usually have a faster recovery
speed (less than 1s for 64 x 64 spatial resolution [50]).
However, because they do not estimate the surface parameters
(e.g., normals and BRDFs) of the hidden scene, these methods
are not good at recovering details [45], [50].

2) Surface: Unlike the above methods that use volumetric
albedo to represent NLOS scenes, a line of work aims to re-
construct the surface of hidden objects. Such methods usually
use special photon measurements (rather than using all photon
measurements in volumetric albedo methods [1], [3]) to get
detailed geometry. Tsai et al. found that the first-returning
photons contain the shortest length information to the hidden
object, from which the boundary and the surface normal vector
of the hidden object can be reconstructed [80]. Xin et al.
showed that the discontinuities of ToF measurement are pro-
duced by special light paths (Fermat Paths), which contain the
surface information of the hidden scene [47]. Since these dis-
continuities are independent of photon intensity, this approach
is robust to different BRDFs. Besides, by introducing surface
normal into the previous transport matrix in Eq. (8), the surface
normal reconstruction and volumetric albedo reconstruction
can be combined to achieve good results [42]. Similarly, fusing
the surface reconstruction into the convolution kernel of the
LCT [1] can also achieve better reconstruction results than
using only the volumetric albedo representation [50].

The above methods restore the surface of the hidden object
directly, while other methods adopt the concept of reverse
rendering, i.e., to reconstruct the hidden surface by finding the
surface parameters (such as BRDF and surface normal) of the
hidden object that can fit the measurement data. Considering
that accurate reverse rendering methods are time-consuming,
a differential renderer can be used to speed up rendering [45].

3) High-level representation: Besides volumetric and
surface-based methods, with the rapid development of deep
learning in recent years, some works have exploited high-
level representation to complete NLOS reconstruction [18],
[19]. Specifically, in a data-driven manner, an encoder is used
to extract high-dimensional features of the measurement data,
while a decoder is used to map them to the hidden object space
to complete the reconstruction. Due to the lack of suitable
data sets and the incomplete exploration of the network
structure, such methods usually have limited generalization
capabilities and reconstruction effects. However, compared
to traditional reconstruction methods [1], [6], [47], [50], the
high-level representation methods based on deep learning have
faster inference speed (less than 100ms) and stronger feature
extraction capabilities, which is a kind of promising methods.

To emphasize the application prospect of deep learning in
NLOS imaging, this paper puts all deep learning methods
into Sec. IV. Therefore, please refer to Sec. IV for detailed
discussion and challenges of the high-level representation
methods.

D. Reconstruction methodology

Active reconstruction algorithms can be divided into two
categories according to reconstruction methodology: inverse
methods and wave-based (forward) methods.

1) Inverse methods: It can be seen from the forward
propagation model (Eq. 1) that what the active NLOS imaging
completed is the inverse process, that is to recover the hidden
scene p from the measurement 7(u, p’, ). Under the assump-
tions of isotropic reflection, no interreflection and only three-
bounce light, Eq. 1 degenerates into a linear model, which
can be solved by a variety of inverse methods (e.g., back
projection [3], [4], [44] and matrix inverse [1], [5]).

Back projection For general NLOS imaging scenes, the
Dirac function in Eq (3) essentially represents an ellipsoidal
constraint

r+r =ct (6)

The reconstruction of this model is similar to the ellipsoidal
Radon transform used in CT. In confocal NLOS imaging,
the ellipsoidal constraint degenerates into a spherical con-
straint, and the corresponding reconstruction also becomes
the spherical Radon transform in CT. Therefore, the back
projection algorithm can be directly used to complete the
NLOS reconstruction task. In 2012, Velten et al. used the
back projection algorithm to complete the NLOS imaging
experiment for the first time [3]. Afterward, researches such
as the use of GPU acceleration [4] and error back projec-
tion using iterative algorithms [44] have also been proposed.
Since it has been widely used in CT, the back projection
algorithm is simple, easy to understand, and has a low space
complexity (O(N?)), which can effectively reconstruct simple
hidden scenes. However, the back projection algorithm’s time
complexity is relatively high (O(N?®)), and it is difficult to
use other prior information, unable to reconstruct a complex
optical transport process.

Matrix Inverse. In addition to the back projection algorithm
based on the ellipsoidal constraint, NLOS reconstruction can
also be completed by directly solving the inverse process of
Eq. (3), that is

p=A"Yr} (7)

One straightforward approach is to directly solve the pseudo-
inverse of the optical transport matrix A, such as using the
singular value decomposition. Taking singular value decom-
position as an example, since the optical transport matrix A is
with the size of N3 x N3, the time and space complexity of the
algorithm to find the matrix inversion directly is O(N3*3=?)
and O(N®) respectively, as discussed in [1]. Another obvious
disadvantage of direct inversion is that it is difficult to use
the inherent non-negativity, sparsity, and other priors (see Sec.
IV-IV-A for details) in NLOS imaging, leading to bad results.
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Fig. 3. Reconstructions completed by different methods. (a) Measurement data; (b) Hidden object (dragon); (c) Reconstruction results under several typical
methods, including FBP [3], LCT [1], f-k migration [7] and phasor field [2]. This figure is finished based on the public code and data of [1], [7], [42], [81].

A common alternative is to solve the following optimization
problem [5] iteratively

o1
Popt = argm1n§||Ap — T||§ +T(p) (8)
p

Among them, T'(p) enables this type of iterative inverse
method to utilize multiple constraints. Although iterative meth-
ods [39], [40] can further reduce errors and achieve good
reconstruction results, they require multiple iterations, which
is still difficult to apply in real-time. O’Toole et al. [1] found
that under confocal conditions, the forward imaging process
can be expressed in the form of three-dimensional convolution,
thus using efficient deconvolution algorithms (such as Wiener
filtering) to perform the efficient reconstruction. It reduced the

time complexity to O(N3log(N)), which greatly improved the
reconstruction speed.

Inverse Rendering. Back projection [3], [44] and matrix
inverse methods [1], [5] are both based on voxel representation
in reconstruction topology. The voxel-based representation is
easy to solve mathematically, but the accuracy is usually
low due to ignoring factors such as BRDF and non-Lambert
reflections [45]. On the other hand, by representing the surface
of the hidden object, a more accurate forward imaging model
(see [45]) can be established, based on which the optimization
methods can be used to solve it to complete the surface
reconstruction. Since the imaging models based on surface
parameters (such as BRDF and surface normal) rely on render-
ing, the corresponding reconstruction methods are also referred



as inverse rendering, or analysis-by-synthesis. Compared with
voxel-based inverse methods, inverse rendering can reconstruct
more details, but often requires higher temporal complexity
[42], [50].

2) Wave-based methods: The theoretical basis of the three
types of algorithms mentioned above is geometric optics.
Besides that, wave-based methods have also achieved rapid
development in recent years. Lindell et al. described NLOS
imaging as a wave propagation problem in three-dimensional
space. Inspired by inverse methods used in seismology, it
completed NLOS imaging using f-k migration [7]. In that
work, referring ¥ (x, y, z, t) as the field in 3D space as a space-
time function, the NLOS reconstruction is converted as

V(r,y,2=0,t) = Y(z,y,2,t=0) )

where U(z,y,z = 0,t) and ¥(z,y, z,t = 0) can be regarded
as the available measurement data and the hidden target scene,
respectively. With ¢ = 0, the functions ® and ¥ in Eq. 5
are related by a Fourier transform. By replacing dk. with
dy and using Stolt interpolation, Eq. 5 can be converted to
another representation. In the new representation, when z =
0, functions ® and ¥ are again a pair connected by Fourier
transform. In this way, taking ¥(x,y, 2 = 0,t) as input, the
hidden scene ¥(z,y,z,t = 0) can be easily reconstructed
through three steps: 3D Fourier transform, Stolt interpolation,
and inverse 3D Fourier transform. Strictly speaking, f-k mi-
gration [7] is an inverse method (reconstruction through the
reverse process of forward propagation). However, compared
to other typical inverse methods such as back projection [3],
[4], matrix inverse [S] and inverse rendering [45], f-k migration
does not have an obvious inversion process (e.g., ADMM [1]),
but is more like a forward process completed in the frequency
domain.

Besides, Liu et al. [2], [6] and Reza et al. [60] introduced
virtual wave phasor to NLOS imaging. Based on the phasor
field, NLOS imaging can be transformed into a LOS optical
imaging problem and then solved by the existing algorithm
in diffraction imaging. Different from other methods, phasor
field methods [2], [6] transform the relay wall into a virtual
aperture (or lens of any LOS system). The reconstruction is
the diffraction integral of the wavefront of the virtual aperture,
which is equivalent to the forward propagation process of the
measurement data. Therefore, phasor field methods [2], [6]
do not need to reverse the forward process like inverse meth-
ods [1], [3] — they can directly complete the reconstruction
through wavefront propagation.

The wave-based approaches have two attractive advantages:
(1) It is more robust to the material of the relay surface;
(2) It can easily combine NLOS imaging with other related
fields, such as LOS imaging and seismic imaging. These
advantages, as well as the phase acquisition problem in wave-
based approaches, are explained in detail in Faccio et al. ’s
review [24].

Extensions to Non-Planar Relay Surfaces. The classical ToF
and wave-based models assume a planar relay wall, restricting
applicability to flat, vertical surfaces. Gu et al. proposed a
fast algorithm that generalizes confocal NLOS reconstruction
to arbitrary non-planar relay surfaces by transforming the

measurements to an equivalent planar configuration, enabling
efficient FFT-based reconstruction even when the relay geome-
try deviates from a plane [82]. Similarly, Liu et al. introduced
a Bayesian framework with confocal-complemented signal-
object collaborative regularization (CC-SOCR) that handles
arbitrary illumination and detection patterns on the relay sur-
face without requiring a regular grid [83], greatly broadening
the applicability of NLOS systems to irregular or partial relay
surfaces encountered in real-world scenarios.

Higher-Order Bounce Imaging. Standard NLOS methods
consider exactly three-bounce light (relay wall — hidden
object — relay wall). Royo et al. extended the imaging
model to exploit fourth-bounce reflections caused by vertical
specular surfaces (“virtual mirrors”) inside the hidden scene,
allowing NLOS systems to observe parts of the scene that are
completely invisible to three-bounce methods [84]. This work
demonstrates that leveraging higher-order light interactions
can significantly increase the completeness of hidden scene
reconstruction.

Phasor Fields under Scattering Conditions. The phasor
field framework assumes a clean relay surface, but in practice
the relay surface may be contaminated by scattering media
(e.g., dust, fog). Luesia et al. systematically analyzed the
behavior of phasor-field NLOS reconstruction under such
scattering conditions, identifying the mechanisms that degrade
performance and proposing modifications to improve robust-
ness [85]. This study provides important design guidelines for
practical NLOS systems operating in non-ideal environments.

It should be noted that not all of the above algorithms are
suitable for confocal settings. Specifically, FBP [3], [4], phasor
field [2], [6], and matrix inverse methods [5] are applicable to
all NLOS systems. In contrast, LCT [1] and f-k migration [7]
are only applicable to confocal NLOS systems. [7] proposed
a conversion method from non-confocal data to confocal data,
so that confocal algorithms can also be used to reconstruct
non-confocal data. From the perspective of time complexity,
for confocal settings, a series of algorithms after LCT [1] (in-
cluding f-k migration [7]) can reach the time of O(N3logN)
complexity due to the efficient calculation of FFT in the fre-
quency domain, while only the phasor field algorithm [6] can
achieve the same temporal complexity for non-confocal NLOS
scenes. Figure 3 illustrates the measurement with a dragon as
the hidden scene, and the reconstruction results obtained by
different reconstruction methods [1]-[3], [7]. It can be seen
that existing methods can already reconstruct complex hidden
scenes. In general, the wave-based methods [2], [7] are more
suitable for hidden scenes with rich details.

3) Transformer and Neural Representation-Based Methods:
Motivated by the success of transformers and implicit neural
representations in computer vision, recent works have brought
these advances into NLOS reconstruction.

Transformer-based reconstruction. Li et al. proposed
NLOST, the first transformer-based network for NLOS recon-
struction [29]. NLOST extracts shallow features with physics-
based priors, then employs two spatial-temporal self-attention
encoders to capture both local and global correlations within
3D NLOS measurement volumes at different scales. A cross-



attention decoder integrates these features, enabling superior
reconstruction of complex hidden scenes on both confocal and
non-confocal real-world data. Building on this line, Yu et al.
proposed enhancing physics-based NLOS reconstruction by
introducing a learnable inverse kernel in the Fourier domain
combined with an attention mechanism, allowing the network
to better capture high-frequency details that are difficult to
recover due to spectral bias [86]. On the sensor side, Cho et al.
proposed to enhance the aperture phasor field representation
using a learned network, achieving state-of-the-art perfor-
mance [87], while Shim et al. introduced a domain reduction
strategy that identifies the most likely occupied regions in the
3D volume and focuses reconstruction effort there, reducing
computational cost by an order of magnitude [88].

Neural implicit surface reconstruction. Fujimura et al. pro-
posed NLOS-NeuS, extending neural transient fields to neural
implicit surfaces with a signed distance function (SDF) repre-
sentation [89]. By incorporating SDF constraints derived from
first-returning photon geometry, NLOS-NeuS enables smooth
yet detailed 3D surface reconstruction in NLOS scenes, over-
coming the voxel resolution limitation of volumetric methods.
This represents the first neural implicit surface approach with
volume rendering for NLOS scenes.

Diffusion model-based reconstruction. Su et al. proposed
a model-guided iterative diffusion sampling framework for
NLOS reconstruction [33]. Starting from the back-projection
result, the diffusion model iteratively refines the reconstruc-
tion while respecting the NLOS physical forward model as
a consistency constraint. This approach achieves physically
consistent reconstructions with high visual quality, benefiting
from the strong generative prior of diffusion models while
avoiding hallucination artifacts.

4) Detection, location and identification: Under some sce-
narios, we do not necessarily need to complete the diffi-
cult but low-level task of imaging/ reconstruction. On the
contrary, some high-level vision tasks, such as detection,
localization, and recognition of hidden objects, are needed.
For the detection task, we only need to judge whether there
is a peak in the measurement data. For localization tasks, a
naive but effective algorithm is back projection [53], [58].
Through back projection, the distribution probability of objects
in three-dimensional space can be established to determine the
object’s position. Compared with the reconstruction task, the
localization task can greatly reduce the number of scanning
points and the resolution of discrete voxels with much less
reconstruction time and space complexity.

For recognition tasks, traditional algorithms are limited by
their ability to understand high-level semantics, making it
difficult to map from experimental data to label results directly.
Therefore, NLOS recognition is typically based on data-driven
methods (see Sec. IV for details).

E. Challenges and Prospects

Despite considerable progress in recent years, active NLOS
imaging still faces many challenges, including ill-posedness
with low SNR, limited resolution, and long data acquisition
time.

1) Ill-posedness with low SNR: Since the collected effective
signal is three-bounce of reflected light, and the signal inten-
sity has an attenuation of r2 ~ r* [1] (varies with different
reflective materials) with distance r, the signal strength is
weak. In many NLOS scenes (such as long-distance imaging
[17], [90]), the echo can reach the order of a single photon.
On the other hand, there are various kinds of noise. All of
the dark count and after-pulse of SPAD, the pile-up effect
of TCSPC, and the ambient light can cause noise. Therefore,
NLOS imaging tasks have a very low SNR, which makes
NLOS imaging very challenging. Moreover, hidden objects in
different locations may contribute the same measurement value
[14], which further exacerbates the problem’s ill-posedness.

The methods of improving the SNR have been discussed in
[17], [90], [91], including improving the receiving device to
increase the detection efficiency and thus the signal strength,
combining spatial filtering with multimode fiber, spectral fil-
tering with narrow-band filters and temporal filtering through
gate-mode SPAD, and using polarizers to minimize noise.
Based on the above methods, an amazing 1.43km NLOS imag-
ing can be achieved. In addition to improving the signal-to-
noise ratio from the hardware, it is also important to improve
the reconstruction algorithm to alleviate the ill-posedness
through various prior constraints, such as the sparsity, non-
negativity, surface normal, partial occlusion (as discussed in
Sec. II-B2) and the recently developed data-driven scene prior
(see in Sec. IV).

2) Long data acquisition time: Active NLOS imaging
requires a full raster scan of a relay wall. This point-by-
point scanning mechanism leads to long data acquisition time,
which hinders real-time NLOS imaging applications. Current
work usually uses a multifunction I/O device (e.g., NI DAG
USB-6343) to control the galvanometer mirrors (e.g., Thorlabs
GVSO012) to scan point by point and completes the event syn-
chronization with the photon counter(e.g., TCSPC, PicoHarp
300). Limited by the scanning speed of the galvanometer and
the minimum number of photons at each point, the scanning
frequency is only 1Hz to 10Hz (depending on the imaging
conditions) in state-of-the-art NLOS systems, such as LCT [1]
and f-k migration [7]. When the number of scanning points is
64 x 64, the scanning speed of less than 10Hz is difficult to
complete real-time data acquisition.

Reducing scanning points. In theory, each scan point in
NLOS imaging contains the whole hidden object’s shape
information. Therefore, although reducing the scan points
would inevitably reduce the imaging quality, it is possible
only to scan a few points to complete the imaging task.
Liu et al. studied the impact of randomly removing some
test points on the reconstruction results [92]. Ye et al. ap-
plied compressed sensing to NLOS imaging, and only 5 x 5
points can achieve a resolution of 64 x 64, thereby greatly
reducing the time required for scanning [15]. Isogawa et
al. further changed the scanning methods, using the circular
scanning path, and proposed C?N LOS(Circular and confocal
NLOS) [93]. C2NLOS improved the limit of the scanning
speed of the galvanometer through circular scanning and
reduced the number of scanning points, thereby reducing the
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data acquisition time.

More recently, several works have further reduced the re-
quired scanning density. Wang et al. proposed a signal super-
resolution network that maps sparse scanning measurements

tion in acquisition time while maintaining comparable qual-
ity [94]. Li et al. proposed the first deep learning framework

to dense ones before reconstruction, achieving a 16x reduc-

specifically for NLOS reconstruction from under-scanning
measurements (USM), using a transient recovery network
(TRN) to recover full-density transients from sparse inputs,



followed by a physical-model-based volume reconstruction
network (VRN) that achieves 50x faster reconstruction than
iterative methods [95]. Cui et al. introduced Virtual Scanning,
an unsupervised framework for NLOS reconstruction from
irregularly undersampled transients without requiring paired
ground truth, leveraging a physics-guided denoiser to handle
the noise inherent in low-photon conditions [96].

From the detection side, Li et al. proposed FPES (First
Photon Event Stamping), which records only the first detected
photon at each scan point [97]. By exploiting the Poisson
statistics of single-photon arrival, FPES achieves comparable
reconstruction quality with up to 10x fewer total photons, en-
abling faster acquisition in photon-starved scenarios. Similarly,
Liu et al. developed a photon-efficient NLOS approach that
achieves robust reconstruction with fewer than one photon per
pixel on average [98].

SPAD array. In addition to reducing the scanning points,
the development of SPAD array to achieve scannerless NLOS
imaging is a very promising direction. There have been the
latest researches that develop algorithms suitable for SPAD
array [6], [57] or directly use 32 x 32 SPAD camera to
complete scannerless NLOS imaging [16]. Multiple lasers
simultaneously illuminating would cause crosstalk problems,
which is unacceptable. Therefore, the current NLOS imaging
systems based on SPAD array all adopt the structure of
“one laser, multiple pixels”. In essence, this is equivalent to
multiple parallel conventional non-confocal NLOS imaging
systems. Therefore, any algorithm suitable for non-confocal
reconstruction, including but not limited to back projection [4],
f-k migration [7] and phasor field, can be used in NLOS
imaging systems based on SPAD array. [16] verified that the
reconstruction quality using commercial SPAD array based
on phasor field [6] is close to the early single-pixel NLOS
imaging [3].

Zhang et al. demonstrated a real-time scan-free NLOS
imaging system achieving up to 19 fps by combining single-
pixel detection with structured illumination (SPAD array)
and computational reconstruction, and further demonstrated
robustness to outdoor daylight conditions [99]. Towards real-
time NLOS video of room-sized dynamic scenes, Ye et
al. proposed a framework of spectrum filtering and motion
compensation, achieving 4 fps NLOS video reconstruction of
real-life dynamic scenes through denoising in the frequency
domain and interleaved scanning [34]. This landmark result
marks a major step towards practical deployment. Further,
Li et al. developed TransiT, a transient transformer architec-
ture for NLOS videography that reconstructs 64 x 64 resolution
videos at 10fps from 16 x 16 sparse transient measurements
via transfer learning to bridge the synthetic-to-real domain
gap [30].

Steady-state imaging. Another possible alternative is to re-
place the pulsed laser with a steady-state laser [63] or even
an ordinary condensing light source (such as a projector) [67]
and use a conventional camera to collect the imaging area
directly. These steady-state methods usually rely on data-
driven deep learning methods for reconstruction, which will
be discussed in Sec. IV. Zhu et al. proposed a two-step

deep remapping framework that first remaps sparse non-
confocal transients to dense confocal equivalents, then applies
standard reconstruction algorithms, achieving a 4x speedup
over FK migration while maintaining quality [100]. Mu et al.
combined a physics-based forward model with deep learning
to enable high-speed NLOS reconstruction from significantly
fewer and noisier measurements, demonstrating reconstruction
atup to 5 fps, a 10x improvement over prior approaches [101].
Snapshot NLOS acquisition—capturing hidden scene infor-
mation from a single camera frame without scanning—has
also advanced. Seidel et al. demonstrated a snapshot corner
camera that reconstructs both hidden foreground objects and
background scenes without laser scanning from a single optical
response model [102].

3) Limited resolution: Like LiDAR and Radar, the resolu-
tion of NLOS imaging is also divided into axial resolution Az
and transverse resolution Ax. Time jitter -y, the time domain
response of the imaging system greatly influences Az, and
it also determines Az. v mainly depends on the detector’s
temporal resolution, laser pulse width, laser spatial divergence,
and other components. In the recent long-distance NLOS
imaging research [17], the time jitter v has been formulated.
Another factor of Az is the size of the scanning area (
equivalent to the size of the aperture). Usually, we use w to
represent the radius of the scanning area, as shown in Fig. 4-
(b). For a confocal system, the resolution of the system in two
directions Az and Ax are [1]

cVw2422
Az ~ 9w JFWHM
AZ ~ CYFWHM

Q

(10)

Among them, vrw s refers to the full width at half
maximum (FWHM) of the time jitter -, as illustrated in Fig. 4-
(a). From Fig. 4-(c), it can be seen that reducing the time jitter
v and increasing the size of the scanning area w are effective
ways to improve the confocal system resolution. For other
active NLOS scenes, [14], [40], [61] discussed the limits of
spatial resolution. [14] also analyzed how the position and the
normal direction of the hidden object affect the imaging results
from the Fourier domain.

Beyond improving temporal resolution, recent works have
tackled the challenge of long-range NLOS imaging. The
groundbreaking active-focusing approach UNCOVER [77]
achieves ~ 0.6 mm resolution at 0.55m, demonstrating that
diffraction-limited NLOS imaging is attainable via wavefront
shaping. At the system level, coherent sensing with frequency-
comb calibration [103] enables NLOS imaging under strong
ambient illumination conditions where incoherent ToF meth-
ods fail, additionally demonstrating the novel capability of
NLOS vibrometry—remotely measuring vibrations of hidden
objects. These advances substantially broaden the conditions
under which active NLOS systems can operate in real-world
outdoor environments.

III. PASSIVE METHODS

Passive NLOS imaging aims to see hidden scenes without
using a controllable external light source, which is a very
challenging problem. This section has a similar structure with



Sec. II. It reviews passive NLOS imaging from three aspects:
data acquisition devices, physical models, and reconstruction
algorithms. Finally, we discuss the challenges and prospects
of passive NLOS imaging. Table II summarizes the existing
passive NLOS imaging technologies, as well as their lighting
conditions, sensors, available information, and target tasks.

A. Cameras in passive methods

1) Conventional camera: In the absence of a controllable
light source, the light field remains steady. Therefore, the
most useful information is intensity, which can be recorded by
conventional cameras, i.e., charge-coupled device (CCD) and
complementary metal-oxide-semiconductor (CMOS). Most
passive NLOS imaging research used conventional cameras to
collect data. However, their illumination was uncontrollable
and different, including ambient light [8], [104] and active
incoherent light [105]'. When using ambient light, the hidden
scene produces shadows (or speckles) on the wall. The only
information available at this time is the intensity information
of the shadows. However, if a narrowband spatially-incoherent
source is used for illumination, the obtained speckles can
encode the hidden scene’s information, which can be recon-
structed by the optical memory effect [106]-[108].

Conventional cameras are the most inexpensive but have
at least two limitations among all the cameras discussed in
this article. First, the shadow is very sensitive to ambient light
intensity, i.e., SNR decreases as the ambient light intensity
increases. Second, for broadband illumination, the optical
memory effect is no longer valid, due to which the problem is
extremely ill-posed and usually requires additional constraints
and priors.

2) Interferometer: Considering the limitations of intensity
information, some studies employ interferometry to obtain
phase information and use coherence to solve it, as illustrated
in Tab. II. Batarseh et al. used the Dual-Phase Sagnac In-
terferometer (DuPSal) to measure the spatial coherence of the
light field [9], thereby completing the detection and positioning
of the hidden broadband ambient light source. Beckus et
al. combined spatial coherence and intensity information
to complete multi-modal passive NLOS imaging [109]. In
addition to spatial coherence, temporal coherence can also
be used to obtain depth information. Boger-Lombard et al.
utilized a diffuser and an ordinary camera to provide passive
ToF information through the time coherence of the mea-
surement [10]. The interferometer enables depth information
measurement in passive NLOS scenes and can be fused with
intensity information to improve imaging quality. However, it
requires a precise and complex calibration process, and the
depth information it contains is very limited, which can only
be used for discrete scenes.

3) Hyperspectral and Multispectral Cameras: Capturing
richer spectral information beyond a single visible-light band
can substantially improve passive NLOS imaging quality.

! Although active illumination is used, it is still considered as passive NLOS
imaging because the light source is on the side of the hidden object and is
uncontrollable.

Chen et al. proposed Hyper-NLOS, which uses a hyper-
spectral camera to capture NLOS measurements across many
spectral bands and fuses them with a dedicated hyperspec-
tral fusion network (HFN-Net) [110]. The additional spectral
channels provide complementary cues that help discriminate
hidden objects from background clutter. A band selection
strategy can further select the most informative spectral bands
to reduce measurement cost [110]. Building on this, Liu et
al. proposed a multispectral passive NLOS approach via
deep fusion photography that significantly improves long-
distance reconstruction quality [35]. These hyperspectral and
multispectral approaches represent an important direction for
improving passive NLOS imaging without increasing hard-
ware complexity on the active illumination side.

B. Forward imaging model

Considering the classic intensity-based passive NLOS imag-
ing scene, as shown in Fig. 1-(c), the goal is to reconstruct the
hidden scene based on the speckle area’s intensity information
d on the wall. Assuming that each point on the hidden scene
is an independent point light source, the measured intensity
information is

I.(d) = / / Al )T (s)ds

Here I, is the observed projection image of resolution p X g,
I,,(7) is the light intensity on the projection area d. I, is the
hidden target image of resolution m X n displayed on the
screen, and I,(s) is the intensity of the pixel point s of I.
Besides, A(s,d) is the optical transport from the point light
source s to area d on the relay wall, and S denotes all pixels
on the whole screen. The model can be discretized as

I,=AI,+N

(1)

(12)

where N is an additional background term.

It can be seen that Eq. (3) and Eq. (12) look very similar.
Because passive NLOS imaging usually only collects intensity
information, the condition number of A in Eq. (12) is larger,
meaning more ill-posed. In addition to the above-mentioned
intensity-based forward model, imaging models based on other
principles and settings (including the Fresnel model [109],
partial occlusion [8], [12], spatial coherence [9], [109], and
polarizers [111]) can all be discretized to inverse optimization
problems similar with Eq. (12). Passive methods based on
speckle coherence have a special imaging model and recon-
struction process, which will be explained in the following
(see Eq. (13)).

C. Reconstruction with constraints

Passive NLOS imaging is extremely ill-posed, and it is
difficult to complete high-quality reconstruction only with
conventional cameras. Existing researches reduce the condi-
tion number of the transport matrix A by adding additional
constraints, thereby improving the imaging quality, as shown
in Tab. II. This section will discuss reconstruction algorithms
under three common constraints, including partial occluder [8],
[112], coherence [109] and polarizer [111]. Data-driven scene



TABLE II
PASSIVE NLOS IMAGING

Ref Tllumination Sensor Information and constraints Task
[10] Ipcoherent light source (object Conventional camera Temporal coherence ]?CtCCFIOH/ Tracking/ Iden-

side) tification
[105] IS?(;::)herent light source (object Conventional camera Speckle coherence 2D reconstruction
9] Ir.lcoherent light source (object Interferometer Spatial coherence ]?etecFlon/ Tracking/ Iden-

side) tification
[109] Ambient light Ipterferometer + Conven- Spatial coherence + Intensity 2D reconstruction

tional camera
[81, [12], [104], . . . . . . .

[112]-[114] Ambient light Conventional camera Intensity with partial occluder 2D reconstruction
[111] Ambient light Conventional camera Intensity with polarizer 2D reconstruction

[115]
[115]

Ambient light
Ambient light

[116] Infrared radiation

[117]
[118]

Ambient/incoherent light
Ambient light

Conventional camera

Conventional camera

Infrared camera

Conventional camera
Conventional camera

2D reconstruction
Detection/ Tracking/ Iden-

Intensity of moving object

Intensity tification
Infrared inteasity ]?etecgon/ Tracking/ Iden-
tification

2D reconstruction
2D/3D reconstruction

Intensity via optimal transport
Modulated light transport intensity

priors are another common constraint, which will be explained
in Sec. IV.

1) Partial occluder: In the most primitive cameras, large-
area obstructions can be used to form pinholes to tighten
the beam and complete imaging [119]. In other early com-
putational imaging applications, such as stereo vision [120],
light field recovery [121], [122] and image synthesis [123],
partial occlusion also played an important role. In the field
of passive NLOS imaging, many state-of-the-art works also
exploit partial occlusion. Among them, some tasks need to
know or estimate the prior knowledge of occlusion (such as
position and shape) before they can reconstruct hidden scenes
using the prior as constraints [8]. Others only utilized partial
occlusion to improve the conditioning of the problem without
knowing its specific information [12], [104], [112], [113],
[115], as illustrated in Fig 5-(a).

Passive NLOS imaging modelled by Eq. (12) can be solved
as an optimal problem

I.ope = argming AL - L3+ T(L)  (3)
where I represents regularization terms, such as total variation
(TV) or other sparsity constraints. When the position of the
partial occlusion p is known, the optical transport matrix A can
be estimated, after which the inverse problem can be solved
through Eq. (13). The results of [8], a representative work us-
ing TV regularization, are shown in Fig. 5-(b). When the par-
tially occluded position p cannot be obtained, the constraints
at different times can also be used to estimate the optical
transport matrix A and the corresponding hidden scene I,.
For example, Aittala et al. performed matrix decomposition
through an unsupervised learning method to complete passive
NLOS imaging [104]. This is essentially similar similar to
blind deconvolution [124]-[126], as discussed in [112].

2) Polarizer: Although partial occlusion is inevitable in
many NLOS scenes, adding occlusion may still change the
hidden scene. However, in practical applications, it is not the
hidden scene but the imaging system that can be changed.
A demonstrated alternative method is to add a polarizer in

front of the camera, as shown in Fig. 5-(a). In this case, a
small angle difference between the light paths leads to a large
intensity change, and the optical transport matrix A becomes
[111]

A'(s,d) = A(s, d))\ (wi, wo, P)

where ) indicates the light leaking/blocking effect caused by
the polarizer. wj,w, and p indicate viewing vector, incident
vector and the polarizer axis, respectively. A decreases the
condition number of matrix A, thereby improving the image
quality.

3) Coherence: Three types of coherence, speckle coher-
ence, spatial coherence and time coherence, have been used
in passive non-line-of-sight imaging. Among them, speckle
coherence does not require a special interferometer, but needs
a narrowband incoherent light source as illumination. The
speckle coherence model is based on the optical memory effect
[107], which completes NLOS imaging through the scattering
medium and corner objects by analyzing the coherence infor-
mation between hidden object intensity and measured speckle

[Lr x1:](0) = [I, x1,](6) (14)
where x represents the autocorrelation operation. Using
the phase recovery algorithm [127], [128], hidden object’s
diffraction-limited image I, can be recovered from its auto-
correlation [105]. The field of view of speckle autocorrelation
imaging depends on the range of memory effect, which is
generally very small. This is the bottleneck that limits the
speckle correlation based on the memory effect.

Reconstruction algorithms based on spatial and temporal
coherence are no longer subject to the viewing angle limitation
caused by the optical memory effect [107], but require a
very sensitive and costly interferometer. Since the interference
effect is sensitive to the light source’s number and size, spatial
coherence and temporal coherence can usually only be used to
complete the positioning, detection of discrete points, and very
simple shape restoration. The combination of coherence and
intensity information can effectively overcome this limitation.
For example, multi-modal passive NLOS imaging that com-



bines intensity information and spatial coherence can achieve
promising results [109].

4) Optimal Transport and Transport Modulation: Opti-
mal transport formulation. Going beyond standard ¢ and
TV regularization, Geng et al. formulated passive NLOS
reconstruction as an optimal transport (OT) problem [117].
The method minimizes a Wasserstein-type distance between
the predicted and measured light distributions on the relay
wall, providing a geometrically meaningful and noise-robust
objective. By casting the ill-posed passive measurement model
(Eq. (12)) in the OT framework, the approach handles non-
Gaussian measurement noise more gracefully than conven-
tional least-squares methods. Validated on both synthetic and
real passive NLOS scenes, the OT-based reconstruction yields
measurably improved quality over TV-regularized baselines
published in IEEE Transactions on Image Processing.

Light transport modulation. Zhang et al. proposed to
improve passive NLOS reconstruction quality by modulating
the light transport between the hidden scene and the relay sur-
face [118]. Rather than treating the transport matrix A as fixed,
the modulation strategy adaptively adjusts the imaging condi-
tions to reduce the condition number of the inverse problem,
thereby enabling more stable and accurate reconstruction from
passive measurements captured with ordinary cameras. The
method achieves state-of-the-art reconstruction performance
on IEEE Transactions on Image Processing benchmarks.

5) Real-Time Passive NLOS Tracking: A practically impor-
tant task for passive NLOS imaging is real-time tracking of
moving persons. Wang et al. proposed PAC-Net (Propagate-
and-Calibrate), a purely passive method that tracks a person
walking in an invisible room by observing only a relay
wall [129]. PAC-Net uses difference frames as carriers of
temporal-local motion information and alternates propagation
and calibration modules to leverage both dynamic and static
cues at frame-level granularity. The authors also released
NLOS-Track, the first large-scale dynamic passive NLOS
tracking dataset containing thousands of video clips with
corresponding trajectories, enabling systematic evaluation of
passive NLOS tracking methods.

3D passive NLOS reconstruction has also advanced signifi-
cantly. Czajkowski and Murray-Bruce demonstrated full-color,
three-dimensional passive NLOS imaging with an ordinary
camera by exploiting two orthogonal edges of an occlud-
ing structure for transverse resolution and an information-
orthogonal scene representation for range resolution [130].
This work achieves accurate 3D reconstruction from inexpen-
sive, ubiquitous hardware without calibration images, opening
passive NLOS to practical indoor applications such as recon-
naissance and search-and-rescue.

6) Deep Learning: Data-driven scene priors are another
common constraint, which can be exploited by deep learning
methods. Although data-driven passive methods [68], [131],
[132] also belong to passive NLOS imaging, this article will
explain it in Sec. IV together with active data-driven NLOS
methods to highlight the application of deep learning in this
field. Besides, in Sec. IV, unsupervised passive NLOS imaging

16

algorithms [104] based on physical constraints (matrix factor-
ization) are also introduced.

D. Challenges and prospects

Because there is no controllable light source, passive NLOS
imaging can only obtain intensity information and limited
coherent information, leading to low reconstruction quality.
The two main challenges for passive NLOS imaging are high
ill-posedness and limited measurement.

1) Ill-posedness: Passive NLOS imaging is an extremely
ill-posed problem. The reasons can be summarized as follows.
(1) The collected data contains little effective information.
Since most of the information collected by passive NLOS
imaging is intensity information, it can be regarded as a
projection of a hidden scene on a two-dimensional plane,
without any available temporal information. (2) There is no
effective space coding. The problem of passive NLOS imaging
is somewhat similar to the recent lensless imaging, but there
are no encoders such as moiré fringes [133], optical phased
array [134] and known scattering medium [135], which results
in the data collected on diffuse reflection surfaces (without
valid BRDF encoding) being messy and the degree of ill-
posedness being high. (3) The influence of ambient light.
When there is ambient light, it is difficult to separate the
ambient light from the effective speckle, which also leads to
an increase in the ill-posedness [23].

Adding constraints. Adding constraints is an effective way
to improve the condition. When the additional constrained
parameters are unknown, accurate estimation of constrained
parameters (such as the position and shape of partial occlusion)
can also improve the imaging effect. Besides partial occlu-
sion [8], [112] and polarizer [111] discussed above, the data-
driven methods have a good application prospect, which will
be discussed in Sec. IV.

2) Limited measurement: In practical application scenes,
adding appropriate constraints between the hidden object and
the observation wall may not be allowed, which leads to the
limitation of passive NLOS measurement. Therefore, passive
NLOS imaging only exploiting intensity information is ex-
tremely challenging [8]. Existing research can obtain coher-
ence through the interferometer, which contains some depth
information but is limited by the shape and size of hidden
objects and cannot complete high-quality reconstruction.

Multimodal measurements fusion Beckus et al. combined
spatial coherence information and intensity information to
complete multimodal passive NLOS imaging, which provides
a path to improve the imaging quality [109]. The basic
principle of passive NLOS imaging is to collect visible light
emitted/reflected from hidden objects. However, in addition to
visible light, hidden objects also emit/reflect electromagnetic
waves on other wavelengths, such as infrared (~ 780nm) and
radio signals everywhere in the environment. On the other
hand, NLOS imaging based on infrared wave [116] and radio
[138] has also been explored in recent years. Therefore, if
visible light can be fused with other types of electromagnetic
waves to obtain multimodal measurement information, it will



TABLE III

NLOS IMAGING BASED ON DEEP LEARNING

Ref Network Input Output NLOS Scene Train set
. Lo Ambient light + conventional cam-  Experimental and
[131] End-to-End: U-Net Scattering image 2D Image era like [8] synthetic data
End-to-End: a vari- . Incoherent light source + conven- .
[132] ant of the U-Net Speckle image 2D Image tional camera like [105] Experimental data
End-to-End: a vari- L . . .
[63] ant of the U-Net Scattering image 3D reconstruction CW laser + conventional camera Synthetic data
End-to-End: a vari- Lo . . .
[18] ant of the U-Net Transient images 3D reconstruction pulsed laser + SPAD like [1] Synthetic data
[68] End-to-End: CNN/ Scattering image 2D Localization/ identi-  Incoherent light source + conven- Synthetic data
VAE g = fication/ reconstruction tional camera like [67] Y
. Temporal Detection/ . .
[54], [55] End-to-End: CNN histogram Identification/ Tracing Pulsed laser + SPAD like [1] Experimental data
[66] End-to-End: ResNet ~ Steady image Identification ﬁl:: [162[;](3 r + conventional camera Synthetic data
[104] Deep matrix factor- Spattermg image/ 2D image/ video Amblent light + conventional cam- Experimental data
ization video era like [8]
Deep-inverse correl- . CW laser + conventional camera .
[20] ography Speckle image 2D Image like [63] Synthetic data
[19] t[),:gtrjrilggsfeature M Transient images 3D reconstruction Pulsed laser + SPAD like [1] Synthetic data
[62] Learned feature em- Depth and inten- 55y oo Giiction Commercial LIDAR Synthetic data
beddings sity images
Physics-based Lo L . .
[56] deepRL framework Transient images  Pose estimation Pulsed laser + SPAD like [1] Synthetic data
[136] End-to-End: Paral- Scattering image 2D Tmage Ambient light + conventional cam- Synthetic data
lel Encoder era
[137] End-to-End: Alter- Scattering image 2D reconstruction +  Ambient light + conventional cam- Synthetic data

nate R&R recognition

era

hopefully break through the bottleneck of passive NLOS imag-
ing and achieve high-quality reconstruction without occlusion
and scene constraint.

Spectral and Polarization Fusion. Building on multimodal
measurement, recent works have leveraged spectral and po-
larization information as additional passive cues. Hyper-
NLOS [110] and related multispectral approaches demonstrate
that fusing across tens of spectral bands measurably im-
proves reconstruction quality. On the polarization side, the PI-
NLOS framework combines polarization imaging with long-
wavelength infrared (LWIR) sensing to improve reconstruction
under challenging lighting conditions, exploiting the geometric
cues encoded in the polarization state of diffusely reflected
light. Turning rough surfaces into relay surfaces is another
recent direction: Li et al. showed that rough surfaces with
mixed diffuse-specular reflectance can serve as NLOS relay
surfaces by developing a modified light transport model that
accounts for the specular component [139], greatly expanding
the set of surfaces usable for NLOS sensing in uncontrolled
environments.

IV. DEEP LEARNING METHODS

Conventional physics-based reconstruction algorithms have
been discussed above. In recent years, with the successful ap-
plication of data-driven algorithms (e.g., deep learning [140])
in blind deconvolution [141], depth estimation [142], and LOS
imaging [143]-[145], recent works have also explored the
possibility of deep learning in NLOS imaging. This section
first explains the significance of using deep learning algorithms
from a priori perspective, then introduces the end-to-end learn-
ing algorithms, as well as the hybrid algorithms that combine

deep learning with physical models. Finally, we discuss the
challenges and prospects of deep learning algorithms. Table III
summarizes the existing deep learning-based NLOS imaging
technologies and their network, input, output, and training
datasets.

A. Priors in NLOS imaging

Some priors have been effectively used in NLOS imaging,
as reviewed below.

Non-negative prior. The non-negative prior includes two
parts. First, for the optical transport matrix A, by definition,
the value of each element is non-negative; Second, for the
reconstruction model based on the albedo p, the albedo of
each voxel is also non-negative. The non-negativity of the light
transport matrix and albedo p together constitute non-negative
prior.

Sparsity prior. Since the measurement data only contains the
surface information of the hidden scene, which is sparse in the
entire 3D space, the albedo (target scene) p has a sparsity prior.
A common sparse constraint is to directly use the L;-norm
constrain, i.e., ||p||1, and [5] added different weights to each
voxel. Another sparse constraint is a gradient constraint, which
limits the gradient in the depth axis is sparse. The last type of
sparsity constraint is that there should be only one non-zero
value on the z-axis corresponding to each (z,y) coordinate [5].
Most NLOS reconstruction algorithms used sparse constraints
as the main component of the regularization term I'(p) [42],
[50].

Total variational (TV) prior. TV represents the sum of
discrete gradients, and the TV regularization term is widely



used in edge-preserving denoising [146], [147] and sparse
reconstruction of low-sample data(e.g., compressed sensing)
[148]. For 3D NLOS reconstruction, TV prior represents the
sparsity of hidden objects, especially sparsity on the z-axis,
which is the gradient constraint discussed above. For two-
dimensional NLOS imaging, the TV prior is mainly to restore
the image from the inverse problem and maintain the edge
information. Due to the effectiveness of the total variation
constraint, many NLOS imaging studies have used the TV
prior as the regularization term [8], [17], [20], [111].

Other priors. The above three types of priors apply to most
NLOS imaging problems. Besides, there are some priors
suitable for specific NLOS imaging. Specifically, for ToF-
based NLOS imaging, the ellipsoid constraint [1], [3], as well
as the surface parameter constraint (e.g., the discontinuity
of the ToF measurement contains the information of the
surface normal) [47], [80] are two important priors. For NLOS
imaging with partial occluders, the prior knowledge of the
occluder’s position and shape are also significant for high-
quality reconstruction [13], [112]. Besides, the BRDF prior
also plays an important role in improving imaging results [61].

1) Unexploited prior — scene prior: However, there are still
some priors that have not been effectively used. Therefore,
using this undeveloped prior information is a meaningful way
to improve NLOS imaging quality.

Scene priors is an important kind of unexploited priors,
which includes both low-level features (e.g., smoothness)
and high-level features (e.g., semantic information) of hidden
scenes. Scene priors are particularly important for specific
reconstruction tasks, such as NLOS imaging in autonomous
vehicles or medical imaging. Compared with other priors,
most scene priors are implicit and difficult to extract manually.
Therefore, conventional physics-based methods are challeng-
ing to formulate and efficiently utilize these scene priors.

The data-driven methods based on deep learning can learn
the input data distribution, thereby efficiently completing the
mapping from the input space to the output space, which
has been utilized in a wide range of applications in recent
years. For NLOS imaging, if there is enough reliable data, the
data-driven methods can learn the scene prior effectively and
improve reconstruction quality. Moreover, although the data-
driven methods take a long time in the training phase and
require high-performance computing hardware, it can almost
achieve real-time processing in the test phase, which helps
improve the real-time performance of NLOS imaging.

Limited by datasets and generalization, data-driven NLOS
imaging research is still in the early stage. In recent years,
several studies utilized deep learning to propose innovative
reconstruction algorithms. The existing works can be roughly
divided into two categories. One is to exploit the powerful
representation ability of deep learning to build an end-to-end
neural network directly (Fig. 6-(a)). The other is to combine
the advantages of deep learning with physical models’ con-
straints to improve imaging performance (Fig. 6-(b)).

B. End-to-End algorithms

NLOS imaging can be expressed as an inverse problem,
as shown in Eq. (7). Therefore, an end-to-end deep learning
model can be built, where the input is the measurement (e.g.,
7), and the output is the reconstruction of the hidden scene
(e.g., p). Then, a loss function is used to measure the difference
between the output 5 and ground truth p, followed by back-
propagation used to optimize the network weights, and finally,
a good reconstruction result can be obtained.

Most of the existed NLOS imaging works based on deep
learning used the end-to-end network structure, as reviewed
in Tab. III. Chen et al. used conventional cameras and
continuous laser illumination to collect steady-state NLOS
imaging data and corresponding hidden scenes [63]. After
that, a U-Net [149] based network was trained to complete
the mapping from the measurement to the corresponding
hidden scenes. In [63], the loss function was a multi-scale
(for different resolutions) Lo loss function. Similarly, [131]
and [132] used the U-Net based network structure, with cross-
entropy and ordinary Lo norm as loss function to complete the
passive NLOS imaging in Fig. 1-(c) and (d). They achieved
better imaging performance than conventional methods [8],
[111], as shown in Fig. 5-(b). For ToF-based transient NLOS
imaging scenes, Chopite et al. synthesized a large number
of training images through rendering and noise models, and
modified part of the input and output in U-Net from 2D tensor
to 3D tensor using Lo loss [18]. Finally, based on the end-to-
end deep neural network, [18] completed the mapping from
transient measurement to depth map.

In addition to reconstruction tasks, recognition is also an
important goal in NLOS scenes. Due to the limited capability
of conventional algorithms in high-level semantics, NLOS
recognition mainly uses data-driven end-to-end algorithms
based on deep learning. Lei et al. completed the recognition
of MNIST [150] and human posture under different NLOS
settings [66]. [54] showed that the deep neural network can
classify and recognize hidden scenes with only one SPAD
scanning point. In addition, a recent study [56] has combined
LSTM [151] and physical models to complete 3D human
pose estimation. Besides, Satat et al. used deep neural
networks to complete object classification through scattering
media [152]. For passive NLOS scenes, Tancik et al. uti-
lized CNN for positioning and recognition, achieving a high
recognition accuracy [68]. Besides, [68] also explored the use
of variational autoencoder (VAE) [153] to complete NLOS
reconstruction. Du et al. designed a parallel encoder archi-
tecture for passive NLOS reconstruction that simultaneously
processes multi-scale spatial features of the passive scatter-
ing measurement, enabling improved reconstruction fidelity
with lower computational overhead compared to single-path
encoder designs [136]. For joint NLOS scene understanding,
Wang et al. proposed NLOS-R 2, which alternates between
reconstruction and recognition in a mutual-refinement loop:
semantic predictions from the recognition branch feed back as
structural priors to sharpen reconstruction, while the improved
reconstruction in turn enhances recognition accuracy [137].
This alternate training strategy achieves superior performance
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Fig. 6. Two types of models of NLOS imaging based on deep learning: (a) End-to-End Networks. (b) Physics-based Models. The reconstruction results in

[19] and [131] are used as a demonstration.

on both reconstruction and recognition tasks simultaneously,
demonstrated on IEEE ICME 2025.

C. Network combined with physical models

The end-to-end method is convenient for training, but it is
highly dependent on the dataset. When the dataset scale is
large enough, end-to-end learning can learn the mapping well
to achieve good results. However, end-to-end learning may
have problems such as over-fitting and poor generalization
ability when the data size is insufficient. Due to the cumber-
some data acquisition process, NLOS imaging lacks real large-
scale datasets (most of the existing large-scale datasets are
synthetic). Hence, some state-of-the-art studies in recent years
proposed a reconstruction algorithm combining deep learning
and physical models instead of the end-to-end network only,
as shown in Tab. III.

Metzler et al. used the optical memory effect (see Sec. III-
III-C) to complete NLOS imaging [20]. Instead of using
conventional phase recovery algorithms (e.g., hybrid input-
output (HIO) [127] and alternating minimization (Alt-Min)
[154]), [20] adopted U-Net to complete phase recovery, with
the L1 norm after autocorrelation as loss function. Recently,
Chen et al. proposed an innovative NLOS imaging network
structure rather than using the well-known U-Net like other
works [19]. It first embedded the synthesized transient images
into a feature space (feature embedding), then propagated to
the hidden volume. After that, the network is divided into
several parts with clear physical meaning, such as visibility
network, image rendering, and depth estimation. To some
extent, the physical model constrains the deep network to have

good generalization ability. Although [19] contains multiple
components, it can still conveniently run in an end-to-end
mode during training. Another example of exploiting deep
learning to promote the development of NLOS imaging is
LiDAR-based imaging [62]. For traditional physical models,
using commercial LiDAR as the equipment is still a very
challenging problem. However, the recent work of Zhu et al.
showed that by performing deep learning to complete feature
extraction, LiDAR can be used to complete high-quality and
robust 3D NLOS reconstruction [62].

Aittala et al. regarded the measurement data as the product
of the hidden object and the light transport matrix [104] (as
shown in Eq. (12)). Exploiting deep neural models to generate
matrices satisfied matrix decomposition completes passive
NLOS imaging based on unsupervised learning. [155] used un-
supervised learning to complete active NLOS imaging. Specif-
ically, [155] exploited multilayer perceptron layers (MLP) to
construct a neural transient field that maps measurement data
into a hidden scene, and utilized a physical model to constrain
the results, thereby obtaining superior reconstruction results.
Technically, such unsupervised learning methods [104], [155]
are not data-driven methods, but the idea of using deep neural
networks to simulate matrix factorization is instructive.

Recent works have significantly extended this paradigm of
combining physical constraints with deep learning.

Neural implicit surfaces. Extending the neural transient field
(NeTF) [155] to surface representations, Fujimura et al. pro-
posed NLOS-NeuS [89], which represents the hidden scene as
a neural implicit surface via a signed distance function (SDF).
By introducing SDF constraints based on first-returning photon



geometry and volume rendering, NLOS-NeuS reconstructs
smooth and detailed 3D surfaces without voxel resolution
limitations, representing a major step towards high-fidelity 3D
NLOS scene understanding.

Learnable physical priors. Sun et al. introduced a frame-
work with learnable physical priors [156], replacing manually
designed fixed priors (such as single fixed path compensa-
tion) with adaptive priors learned from data. This enables
significantly better generalization to diverse scene conditions
and varying SNR levels, addressing the limited generalization
capability that has been a persistent challenge for physics-
based deep NLOS methods.

Diffusion model priors. Su et al. proposed a model-guided
iterative diffusion sampling approach for NLOS reconstruc-
tion [33], where the physical forward model of NLOS imaging
guides the diffusion sampling process to generate reconstruc-
tions that satisfy measurement constraints while leveraging
the strong generative prior of a pre-trained diffusion model.
This approach achieves state-of-the-art NLOS reconstruction
quality, demonstrating that diffusion models are a powerful
new tool for solving the NLOS inverse problem.

Plug-and-Play for dynamic NLOS. Ye et al. introduced
a plug-and-play (PnP) framework for dynamic NLOS video
reconstruction [157], incorporating a frequency-filtering step
based on wave physics and a pre-trained deep neural network
denoiser as an implicit prior. The flexible PnP structure allows
easy integration of different denoisers and adapts to different
NLOS imaging configurations, achieving superior temporal
consistency over existing frame-by-frame reconstruction meth-
ods.

Unsupervised reconstruction from irregular measure-
ments. Cui et al. proposed Virtual Scanning [96], an un-
supervised framework for NLOS imaging from irregularly
undersampled transients (IUT) that does not require paired
training data. A virtual scanning process enables the network
to learn within both the range and null spaces of the measure-
ment operator, combined with a physics-guided SURE-based
denoiser for robustness to noise. This method achieves higher
fidelity and orders-of-magnitude faster inference than existing
iterative solutions.

Untrained network priors. Wu et al. demonstrated that an
untrained deep decoder network can serve as an effective
image prior for NLOS reconstruction without any training
data [158], leveraging the deep image prior inherent in the
network architecture to regularize the ill-posed NLOS inverse
problem, offering flexibility for novel experimental configura-
tions where training data is unavailable.

D. Challenges and Prospects

NLOS imaging based on deep learning still faces many chal-
lenges, including lack of datasets, lockstep network structure,
and limited generalization capability. Here, we discuss these
three challenges and the corresponding prospects separately.

1) Dataset: Data-driven algorithms’ performance largely
depends on the dataset’s quality (such as scale and reliability).
However, for transient NLOS imaging, acquiring a sample of
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data requires a raster scan of the imaging area, which takes
about 1 to 5 minutes [1], [93]. Therefore, constantly changing
hidden objects and collecting tens of thousands of measure-
ments to form a large-scale dataset is extremely difficult. For
NLOS imaging scenes based on traditional cameras, although
data collection is less time-consuming, it is still complicated to
continuously change scenes and construct large-scale dataset
because data augmentation operations such as crop and flip
are not suitable for NLOS imaging.

Most existing works construct a rendering model to syn-
thesize datasets for training, i.e., they first use public datasets
in other fields as the hidden object (ground truth) and then
synthesize measurement data through a rendering model. For
transient NLOS imaging, the rendering model includes two
parts: transient rendering and sensor model [18], [19]. The
SPAD-based photon calculation model has been studied in
detail, and they take into account factors such as noise,
crosstalk and afterpulsing [159]. For other types of NLOS
imaging, Metzler et al. used Berkeley Segmentation Dataset
500 [160] as a hidden scene to calculate autocorrelation, which
is then used to train the phase recovery network [20]. For
passive NLOS imaging using traditional cameras and ambient
light, diffuse surface illumination models, such as the Phong
Model [161], can be used for rendering to obtain synthesized
passive NLOS data [131].

Due to the sensitivity of deep learning algorithms to ab-
normal data, improving the accuracy of rendering models is
extremely important to data-driven NLOS imaging methods.
Another alternative is designing an automated/real-time data
collection system to collect data in the experimental setup.

Since 2022, dedicated NLOS rendering tools have emerged
to generate higher-fidelity synthetic training data. Royo et al.
presented the first NLOS transient renderer designed to ac-
curately simulate light transport in NLOS scenarios, enabling
generation of realistic training data and testing of reconstruc-
tion algorithms [162]. Plack et al. subsequently developed
a fast differentiable transient renderer for NLOS scenes that
supports automatic differentiation, enabling gradient-based
optimization of scene parameters and end-to-end training
of NLOS reconstruction networks [163]. For passive NLOS
tracking, Wang et al. released the NLOS-Track dataset,
the first large-scale dynamic passive NLOS tracking dataset
with thousands of real and synthetic video clips paired with
trajectory labels [129], addressing the severe data scarcity
problem in passive NLOS research.

2) Network Architecture: According to Sec. IV IV-B and
IV-C, most NLOS imaging networks currently use the classic
network structure (or with tiny changes), such as U-Net [149]
and ResNet [164]. However, these well-known network struc-
tures are not necessarily suitable for NLOS imaging. Com-
pared with recent works in other inverse problems, such as
low-light image recovery [165] and image deblurring [166],
networks designed for specific tasks achieve better results.
Therefore, it can be expected that in the future, more novel
network architectures based on the characteristics of NLOS
imaging(e.g., [19]) will be proposed to improve the perfor-
mance of NLOS imaging.

Since 2022, the NLOS community has indeed witnessed
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a wave of new architectures designed specifically for the
challenges of 3D transient imaging.

Transformer-based networks. Li et al. proposed
NLOST [29], the first transformer specifically designed
for NLOS 3D reconstruction. NLOST uses spatial-temporal
self-attention at multiple scales to capture both local and
global correlations within the high-dimensional transient
measurement volume, achieving superior performance on
real-world confocal and non-confocal data. For NLOS
videography, Li et al. developed TransiT [30], a transient
transformer architecture that directly compresses the temporal
dimension of input transients to extract features efficiently
at high frame rates, combining feature fusion and spatial-
temporal attention with transfer learning to bridge the
synthetic-to-real gap.

State-space model (Mamba) for video NLOS. Li et al.
proposed ST-Mamba [31], the first spatial-temporal Mamba
model for dynamic NLOS reconstruction. ST-Mamba exploits
the time-resolving causality in transient measurements through
interleaved Mamba blocks, incorporating a wave-based loss
function in the phasor field domain to handle measurement
noise in NLOS video. This approach achieves superior tem-
poral consistency across frames compared to per-frame recon-
struction methods.

Graph neural networks. Su et al. proposed DG-NLOS [32],
which employs a graph neural network (GNN) as its fun-
damental component to transform dense NLOS grid data
into sparse structural features. DG-NLOS uses a dual-branch
architecture with one branch dedicated to albedo recovery and
another for depth/geometry, enabling simultaneous reconstruc-
tion of appearance and structure with reduced computational
and memory cost. To the authors’ knowledge, DG-NLOS is
the first work to employ GNNs as a core module for NLOS
reconstruction.

3) Generalization: Limited by the dataset and network
structure discussed above, current data-driven NLOS imaging
algorithms have limited generalization capabilities. [18] and
[19] can get good test results on the public NLOS data [1],
[167] through training on the synthetic training set, which
means that they have a certain generalization ability. However,
this does not mean that the generalization capabilities of
current algorithms are sufficient. Faced with new parameters
(such as BRDF, time jitter, aperture size) and new hidden
scenes that do not exist in the training dataset, the trained
network may not necessarily achieve acceptable results.

The most two direct ways to increase the generalization
ability are improving the dataset’s quality and the network
structure, as discussed above. Another method is to use
transfer learning so that a network trained on one kind of data
can be quickly transferred to another kind of data. Besides,
unsupervised learning is also a promising method. It does
not rely on large amounts of data, but can use deep neural
networks’ powerful representation capabilities to train a model
that meets the physical constraints (e.g., the optical transport
matrix in [104]), which has more substantial generalization
capabilities.

Recent advances have made meaningful progress on the
generalization problem. Sun et al. proposed a framework
with learnable physical priors [156] that adapts to diverse
imaging conditions automatically, demonstrating substantially
improved generalization across different SNR levels and
scene configurations. Domain reduction strategies [88] that
focus the reconstruction search space on the most likely
hidden object locations also improve both speed and gen-
eralization. Transfer learning has been successfully applied
in TransiT [30] to bridge the synthetic-to-real domain gap
for NLOS videography. Looking forward, the combination of
physics-constrained learning, untrained priors [158], and self-
supervised approaches [96] holds promise for enabling robust



NLOS reconstruction even without large-scale real training
data.

E. Dynamic NLOS Imaging

Real-time reconstruction of dynamic hidden scenes is one of
the most practically significant challenges in NLOS imaging,
and it has seen remarkable progress since 2022. The main
bottleneck is that dense raster scanning limits the practical
frame rate to well below real-time, creating a fundamental
tension between acquisition density and temporal resolution.

Towards resolving this tension, several strategies have
emerged. Ye et al. demonstrated real-time NLOS video at
4fps for room-sized scenes by combining spectrum filter-
ing (denoising/deblurring in the frequency domain) with an
interleaved scanning scheme that computes high-resolution
live video from low-quality sequences acquired during scan-
ning [34]. Li et al. proposed ST-Mamba [31], which exploits
temporal consistency across frames using spatial-temporal
Mamba blocks and a wave-based phasor field loss to re-
construct high-resolution NLOS volumes from under-scanning
transient videos. For videography with a transient transformer,
TransiT [30] achieves 10 fps reconstruction at 64 x 64 resolu-
tion from 16 x 16 sparse transients captured at 0.4 ms exposure
per point, demonstrating practical video NLOS reconstruction
on real hardware. Ye et al. further developed a plug-and-
play algorithm for dynamic NLOS video [157] that combines
frequency-domain physics filtering with a deep denoiser prior,
enabling flexible and high-quality reconstruction of moving
hidden scenes.

V. NEw NLOS SCENES

In Sec. II-IV, most existing NLOS imaging studies have
been introduced. These studies are accomplished in active and
passive NLOS scenarios, as shown in Fig. 1. However, NLOS
imaging is not limited to these scenes, and more new types of
scenes are waiting to be developed. In this section, we take
the recent two bounce NLOS imaging [21] and keyhole NLOS
imaging [22] as examples to introduce potential new NLOS
scenes and their prospects.

A. Two bounce NLOS imaging

Henley et al. introduced the novel “two-bounce NLOS
imaging”, as shown in Fig. 7-(a) [21]. In this new scene, the
hidden object is blocked by an occluder, but there are two
diffuse reflection surfaces W, and W5 on both sides of the
hidden object. The observer can reconstruct the hidden scene
by scanning the laser on one of the diffuse reflection surfaces
(e.g., W1) and using a traditional camera to capture the two-
bounce light on the other reflection surface (e.g., W5). In other
NLOS imaging, hidden objects play a role in reflecting light.
However, in two bounce NLOS imaging, hidden objects play
a role in blocking light. By capturing the projection of light
on Wy after being blocked by a hidden object, whether there
is a hidden object point in each voxel can be judged.

As discussed in [21], two bounce NLOS imaging can be
applied to seeing behind trucks for autonomous vehicles and
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imaging between windows for search and rescue. These appli-
cations are extensions to traditional NLOS imaging (i.e., three-
bounce NLOS imaging or passive NLOS imaging) applications
and illustrate the broad application prospects of “turning walls
into mirrors”.

B. Two-Bounce NLOS: Role of Transients

Building on the two-bounce NLOS setup, Somasundaram et
al. provided the first systematic analysis of the role of
time-of-flight (transient) information in 2B-NLOS imaging
under multiplexed illumination [168]. Their study quantifies
the tradeoffs between temporal resolution, spatial resolution,
and number of image captures, deriving formal mathematical
constraints for 2B lidar and showing that transient informa-
tion can significantly reduce the measurement requirements
for shape reconstruction. This analytical framework provides
design guidelines for future NLOS systems that incorporate
time-gating in two-bounce configurations.

C. Keyhole Imaging

For all the NLOS imaging systems introduced above, there
is a limitation that a large illumination/imaging area is re-
quired. However, in some NLOS scenes (e.g., hidden objects
are blocked in a room with curtains), large imaging areas are
not allowed, and only a few small holes can be used. Metzler et
al. used a beam splitter to propose an imaging system
similar to confocal NLOS but does not require scanning, called
keyhole imaging, as shown in Fig. 7-(b) [22]. In this system,
the pulsed laser and the time-resolved detector only use a
small hole to illuminate and detect the hidden space. When
the object in the hidden space moves with time, expectation-
maximization can be used to complete the task of NLOS shape
reconstruction and localization.

D. Radar-Based NLOS Imaging

Millimeter-wave (mmWave) radar offers a compelling al-
ternative modality for NLOS sensing due to its ability to
penetrate non-metallic obstacles, operate in adverse lighting
conditions, and provide Doppler velocity information. Early
radar NLOS works [169] demonstrated detection and tracking
of hidden vehicles using Doppler radars in automotive scenar-
i0s. More recently, Lai et al. proposed HoloRadar [35], a prac-
tical system that achieves full 3D scene reconstruction (rather
than mere detection and tracking) using a single mmWave
radar mounted on a mobile robot. HoloRadar employs a two-
stage pipeline: the first stage generates high-resolution multi-
return range images capturing both line-of-sight (LOS) and
NLOS reflections, and the second stage uses a physics-guided
architecture that models mirror-image ray interactions to map
NLOS reflections to their true locations. HoloRadar has been
validated across diverse real-world indoor environments and
represents a major step toward full NLOS 3D reconstruction in
uncontrolled settings. The radar approach is complementary to
optical NLOS: it operates through walls and in total darkness,
but at lower spatial resolution than optical methods.



E. Acoustic NLOS Imaging

Acoustic waves provide yet another physically distinct
modality for NLOS sensing. Similar to optical ToF systems,
acoustic NLOS imaging exploits the time-of-flight of sound
waves reflected off a relay surface. The Lindell et al. acoustic
NLOS work [69] established that microphone arrays and audio
sources can reconstruct hidden 3D scenes using the same
algorithmic framework as optical NLOS. More recently, a
synthetic aperture ultrasound NLOS imaging system has been
demonstrated [36], operating in a frequency range similar to
bat echolocation and achieving centimeter-scale depth reso-
lution at distances up to 2m from the scattering surface. By
using a scanning ultrasound emitter and receiver, this system
demonstrates high-resolution 3D reconstruction of multiple
hidden targets and complex scenes. The spatial resolution of
the acoustic system scales with the opening angle of the scat-
tering surface rather than the sound wavelength, enabling sub-
wavelength effective resolution. Acoustic NLOS imaging is
particularly suited to scenarios where electromagnetic NLOS
is impractical, such as underwater or through highly opaque
materials.

F. NLOS Human Pose Estimation

Estimating 3D human poses of persons hidden around a
corner is critical for applications in search-and-rescue, surveil-
lance, and autonomous robotics. While earlier active NLOS
systems demonstrated localization and rudimentary body de-
tection [56], Xiao et al. proposed a dedicated framework
for NLOS human pose estimation that jointly extracts fea-
tures from transient measurements and reconstructed scene
volumes to estimate human body joint positions [37]. A
multi-resolution processing pipeline handles the scale variation
caused by different distances between the person and the relay
surface. This work demonstrates that NLOS systems can go
beyond simple shape reconstruction to enable semantic under-
standing of human activity in hidden spaces, with important
implications for autonomous systems operating in occluded
environments.

G. Polarization-Based Scanning-Free NLOS

Polarization provides a new physical degree of freedom for
NLOS sensing that is complementary to both temporal (ToF)
and spatial degrees of freedom. Zhou et al. proposed and
demonstrated polarization-based scanning-free NLOS single-
pixel imaging [38]. By manipulating the polarization states of
light incident on the visible relay wall, different polarization
states produce diverse speckle patterns at the hidden scene
that encode complementary scene information. A single-pixel
detector measures the total intensity from each polarization-
encoded speckle pattern, and the hidden scene is then recon-
structed from the ensemble of measurements. This approach
requires neither temporal resolution nor spatial scanning, mak-
ing it fundamentally different from existing NLOS methods
and opening a new dimension for NLOS system design.
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H. Super-Field-of-View NLOS Imaging

Conventional NLOS imaging is limited to a finite field of
view (FoV) determined by the size of the relay surface and the
scanning area. To overcome this constraint, Li et al. proposed
a super-FoV NLOS imaging approach via spatial encoding
of a translated point spread function [170], which encodes
spatial information from angles beyond the conventional FoV.
This approach demonstrates a field of view significantly larger
than conventional NLOS systems, enabling imaging of hidden
scenes that are inaccessible to standard relay-surface-limited
NLOS configurations. Such capability is particularly relevant
for applications in large-scale outdoor NLOS sensing and
search operations.

VI. CONCLUSION

In this paper, we have presented a comprehensive survey of
non-line-of-sight (NLOS) imaging, covering the foundational
physical models and algorithms established through 2021 and
the significant advances made from 2022 to 2026. The field
has matured substantially during this period, progressing from
laboratory demonstrations with minute-long acquisition times
to real-time video of dynamic room-sized scenes.

Progress on fundamental challenges. The three core
challenges identified in the 2021 survey—ill-posedness with
low SNR, limited resolution, and long data acquisition time—
have all seen meaningful progress. On SNR, photon-efficient
imaging [98] and first-photon event stamping [97] have
demonstrated high-quality reconstruction at sub-photon-per-
pixel levels. Resolution has been pushed to ~ 0.6mm via
active wavefront shaping (UNCOVER [77]), and instrument
response function deconvolution further improves spatial reso-
lution without hardware changes. Most dramatically, real-time
4fps NLOS video of room-sized dynamic scenes has been
demonstrated [34], and scan-free systems operating at up to
19 fps have been reported [99], fundamentally changing the
prospects for practical NLOS deployment.

Deep learning advances. The deep learning component
of NLOS imaging has seen a transformation in architecture
diversity and sophistication. Beyond the U-Net and ResNet
baselines of the 2021 era, the field has adopted transformers
(NLOST [29], TransiT [30]), Mamba/state-space models for
video [31], graph neural networks [32], and diffusion model
priors [33]. Neural implicit surface representations (NLOS-
NeuS [89]) have extended beyond voxel volumes to enable
smooth 3D surface reconstruction. Learnable physical pri-
ors [156] and domain reduction strategies [88] have improved
generalization, while unsupervised methods [96] and untrained
network priors [158] have reduced dependence on large train-
ing datasets. Dedicated NLOS rendering tools [162], [163]
and real-world datasets such as NLOS-Track [129] have better
supported the training and evaluation of these methods.

Passive NLOS advances. Passive NLOS imaging has pro-
gressed from simple 2D reconstruction with occluders to real-
time passive tracking of moving persons (PAC-Net [129])
and full-color 3D passive NLOS imaging with ordinary cam-
eras [130]. Hyperspectral and multispectral fusion (Hyper-
NLOS [110]) and the exploitation of rough surfaces as relay



surfaces [139] have broadened the environmental conditions
and surface types compatible with passive NLOS sensing.

New modalities and scenes. Beyond optical NLOS,
mmWave radar NLOS reconstruction (HoloRadar [35]) and
ultrasound synthetic aperture NLOS imaging [36] have demon-
strated full 3D scene reconstruction in non-optical modalities,
enabling operation in darkness, through walls, and under
conditions where optical methods fail. New NLOS applica-
tion scenes have also emerged: human pose estimation [37],
polarization-based scanning-free single-pixel imaging [38],
and higher-order bounce imaging (virtual mirrors [84]) have
significantly expanded the scope of NLOS sensing.

Remaining challenges and future directions. Despite re-
markable progress, several important challenges remain open.
(1) Outdoor and strong ambient light operation: most existing
systems require controlled or low-ambient-light conditions.
Coherent sensing approaches [103] and temporal gating de-
signs [76] are promising, but robust outdoor operation at long
range remains difficult. (2) Large-scale real training data: the
gap between synthetic and real-world NLOS measurements
continues to limit generalization. Automated data collection
systems, more realistic rendering, and domain adaptation
methods are needed. (3) Non-Lambertian and complex relay
surfaces: most algorithms still assume diffuse relay walls;
exploiting specular [139] and non-planar surfaces [82] in
a unified framework remains an open problem. (4) End-to-
end system integration: bridging the gap between research
demonstrations and practical deployed systems—handling cal-
ibration, robustness, and computational cost—is a critical
next step. (5) Semantic NLOS understanding: going beyond
shape reconstruction to semantic tasks such as human pose
estimation [37], action recognition, and object identification
in hidden scenes represents an important emerging frontier.

In summary, NLOS imaging has transitioned from a labo-
ratory curiosity to a technology on the verge of practical de-
ployment across multiple modalities and application domains.
Continued progress on the challenges outlined above will be
essential for realizing the transformative potential of seeing
around corners.

REFERENCES

[1] M. O’Toole, D. B. Lindell, and G. Wetzstein, “Confocal non-line-of-
sight imaging based on the light-cone transform,” Nature, vol. 555, no.
7696, p. 338, 2018.

[2] X. Liu, I. Guillén, M. La Manna, J. H. Nam, S. A. Reza, T. H. Le,
D. Gutierrez, A. Jarabo, and A. Velten, “Non-line-of-sight imaging
using phasor-field virtual wave optics,” Nature, vol. 572, no. 7771, pp.
620-623, Aug. 2019.

[3] A. Velten, T. Willwacher, O. Gupta, A. Veeraraghavan, M. G. Bawendi,
and R. Raskar, “Recovering three-dimensional shape around a corner
using ultrafast time-of-flight imaging,” Nature communications, vol. 3,
p. 745, 2012.

[4] V. Arellano, D. Gutierrez, and A. Jarabo, “Fast back-projection for
non-line of sight reconstruction,” Optics Express, vol. 25, no. 10, pp.
11574-11583, May 2017.

[5] F. Heide, L. Xiao, W. Heidrich, and M. B. Hullin, “Diffuse Mirrors: 3D
Reconstruction from Diffuse Indirect Illumination Using Inexpensive
Time-of-Flight Sensors,” in 2014 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 2014, pp. 3222-3229.

[6] X. Liu, S. Bauer, and A. Velten, “Phasor field diffraction based
reconstruction for fast non-line-of-sight imaging systems,” Nature
Communications, vol. 11, no. 1, p. 1645, Apr. 2020.

(71

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

24

D. B. Lindell, G. Wetzstein, and M. O’Toole, “Wave-based non-
line-of-sight imaging using fast f-k migration,” ACM Trans. Graph.
(SIGGRAPH), vol. 38, no. 4, p. 116, 2019.

C. Saunders, J. Murray-Bruce, and V. K. Goyal, “Computational
periscopy with an ordinary digital camera,” Nature, vol. 565, no. 7740,
pp. 472-475, Jan. 2019.

M. Batarseh, S. Sukhov, Z. Shen, H. Gemar, R. Rezvani, and A. Doga-
riu, “Passive sensing around the corner using spatial coherence,” Nature
Communications, vol. 9, no. 1, p. 3629, Dec. 2018.

J. Boger-Lombard and O. Katz, “Passive optical time-of-flight for non
line-of-sight localization,” Nature Communications, vol. 10, no. 1, p.
3343, Dec. 2019.

C. Saunders, R. Bose, J. Murray-Bruce, and V. K. Goyal, “Multi-Depth
Computational Periscopy with an Ordinary Camera,” in ICASSP 2020 -
2020 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), 2020.

S. W. Seidel, J. Murray-Bruce, Y. Ma, C. Yu, W. T. Freeman, and V. K.
Goyal, “Two-Dimensional Non-Line-of-Sight Scene Estimation from a
Single Edge Occluder,” arXiv, Jun. 2020.

C. Thrampoulidis, G. Shulkind, F. H. Xu, W. T. Freeman, J. H.
Shapiro, A. Torralba, F. N. C. Wong, and G. W. Wornell, “Exploiting
Occlusion in Non-Line-of-Sight Active Imaging,” leee Transactions on
Computational Imaging, vol. 4, no. 3, pp. 419-431, Sep. 2018.

X. Liu, S. Bauer, and A. Velten, “Analysis of feature visibility in non-
line-of-sight measurements,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2019, pp. 10 140-10 148.
J.-T. Ye, X. Huang, Z.-P. Li, and F. Xu, “Compressed sensing for active
non-line-of-sight imaging,” Optics Express, vol. 29, no. 2, p. 1749, Jan.
2021.

C. Jin, M. Tang, L. Jia, X. Tian, J. Yang, K. Qiao, and S. Zhang,
“Scannerless non-line-of-sight three dimensional imaging with a 32x32
SPAD array,” arXiv:2011.05122 [physics], Nov. 2020.

C. Wu, J. Liu, X. Huang, Z.-P. Li, C. Yu, J.-T. Ye, J. Zhang, Q. Zhang,
X. Dou, V. K. Goyal, F. Xu, and J.-W. Pan, “Non-line-of-sight imaging
over 1.43 km,” Proceedings of the National Academy of Sciences, vol.
118, no. 10, Mar. 2021.

J. G. Chopite, M. B. Hullin, M. Wand, and J. Iseringhausen, “Deep
Non-Line-of-Sight Reconstruction,” in Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, 2020.

W. Chen, F. Wei, K. N. Kutulakos, S. Rusinkiewicz, and F. Heide,
“Learned feature embeddings for non-line-of-sight imaging and
recognition,” ACM Transactions on Graphics, vol. 39, no. 6, pp.
230:1-230:18, Nov. 2020. [Online]. Available: https://doi.org/10.1145/
3414685.3417825

C. A. Metzler, F. Heide, P. Rangarajan, M. M. Balaji, A. Viswanath,
A. Veeraraghavan, and R. G. Baraniuk, “Deep-inverse correlography:
Towards real-time high-resolution non-line-of-sight imaging,” Optica,
vol. 7, no. 1, pp. 63-71, 2020.

C. Henley, T. Maeda, T. Swedish, and R. Raskar, “Imaging Behind
Occluders Using Two-Bounce Light,” in ECCV 2020, vol. 12374,
Cham, 2020, pp. 573-588.

C. A. Metzler, D. B. Lindell, and G. Wetzstein, “Keyhole Imaging:Non-
Line-of-Sight Imaging and Tracking of Moving Objects Along a Single
Optical Path,” IEEE Transactions on Computational Imaging, vol. 7,
pp. 1-12, 2021.

T. Maeda, G. Satat, T. Swedish, L. Sinha, and R. Raskar, “Recent
advances in imaging around corners,” arXiv preprint arXiv:1910.05613,
2019.

D. Faccio, A. Velten, and G. Wetzstein, “Non-line-of-sight Imaging,”
Nature Reviews Physics, vol. 2, no. 6, pp. 318327, Jun. 2020.

D. B. Lindell and G. Wetzstein, “Three-dimensional imaging through
scattering media based on confocal diffuse tomography,” Nature
Communications, vol. 11, no. 1, p. 4517, Dec. 2020. [Online].
Available: http://www.nature.com/articles/s41467-020-18346-3

J. Bertolotti, E. G. Van Putten, C. Blum, A. Lagendijk, W. L. Vos, and
A. P. Mosk, “Non-invasive imaging through opaque scattering layers,”
Nature, vol. 491, no. 7423, pp. 232-234, 2012.

J. Zhao, F. Gramuglia, P. Keshavarzian et al., “A gradient-gated SPAD
array for non-line-of-sight imaging,” IEEE Journal of Selected Topics
in Quantum Electronics, vol. 29, no. 2, pp. 1-11, 2023.

Y. Feng, X. Cui, Y. Meng, X. Yin, K. Zou, Z. Hao, J. Yang et al., “Non-
line-of-sight imaging at infrared wavelengths using a superconducting
nanowire single-photon detector,” Optics Express, vol. 31, no. 7, pp.
11116-11126, 2023.

Y. Li, J. Peng, J. Ye, Y. Zhang, F. Xu, and Z. Xiong, “NLOST:
Non-line-of-sight imaging with transformer,” in Proceedings of the


https://doi.org/10.1145/3414685.3417825
https://doi.org/10.1145/3414685.3417825
http://www.nature.com/articles/s41467-020-18346-3

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2023, pp. 13313-13322.

R. Li, S. Shen, S. Xia, Z. Wang, X. Peng, C. Song et al., “TransiT:
Transient transformer for non-line-of-sight videography,” in Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2025.

Y. Li, Y. Sun, S. Sun, J. Ye, Y. Zhang, F. Xu, and Z. Xiong, “Toward
dynamic non-line-of-sight imaging with mamba enforced temporal
consistency,” in Advances in Neural Information Processing Systems
(NeurlIPS), 2024.

X. Su, T. Zhu, L. Liu, Z. Chen, Y. Zhang, S. Li, J. Ye, F. Xu, and
X. Yuan, “Dual-branch graph feature learning for NLOS imaging,” in
Proceedings of the AAAI Conference on Artificial Intelligence, 2025.
X. Su, Y. Hong, J. Ye, F. Xu, and X. Yuan, “Model-guided iterative
diffusion sampling for NLOS reconstruction,” IEEE Journal of Selected
Topics in Signal Processing, vol. 18, no. 6, pp. 1009-1021, 2024.

J. Ye, Y. Sun, W. Li, J. Zeng, Y. Hong, Z. Li et al., “Real-time non-line-
of-sight computational imaging using spectrum filtering and motion
compensation,” Nature Computational Science, vol. 4, pp. 367-378,
2024.

H. Lai, Z. Lan, and M. Zhao, ‘“Non-line-of-sight 3D reconstruction
with radar,” in Advances in Neural Information Processing Systems
(NeurIPS), 2025.

others, “Ultrasound synthetic aperture non-line-of-sight imaging,”
Communications Physics, vol. 8, p. 103, 2025.

Z. Xiao, C. Dai, R. Ye, J. Zeng, W. Li, and F. Xu, “Non-line-of-sight
human pose estimation,” Optics and Lasers in Engineering, vol. 184,
p.- 108573, 2026.

Y. Zhou, W. Li, W. Li, X. Huang, C. Dai, F. X. Li et al., “Non-line-
of-sight single-pixel imaging using polarization speckle modulation,”
Physical Review Letters, vol. 136, p. 083801, 2026.

O. Gupta, T. Willwacher, A. Velten, A. Veeraraghavan, and R. Raskar,
“Reconstruction of hidden 3D shapes using diffuse reflections,” Optics
express, vol. 20, no. 17, pp. 19096-19 108, 2012.

M. Buttafava, J. Zeman, A. Tosi, K. Eliceiri, and A. Velten, “Non-line-
of-sight imaging using a time-gated single photon avalanche diode,”
Optics express, vol. 23, no. 16, pp. 20997-21011, 2015.

M. Laurenzis, J. Klein, E. Bacher, and N. Metzger, “Multiple-return
single-photon counting of light in flight and sensing of non-line-of-sight
objects at shortwave infrared wavelengths,” Optics Letters, vol. 40,
no. 20, p. 4815, Oct. 2015.

F. Heide, M. O’Toole, K. Zang, D. Lindell, S. Diamond, and G. Wet-
zstein, “Non-line-of-sight Imaging with Partial Occluders and Surface
Normals,” ACM Transactions on Graphics, Nov. 2017.

C. Jin, J. Xie, S. Zhang, Z. Zhang, and Y. Zhao, “Reconstruction
of multiple non-line-of-sight objects using back projection based on
ellipsoid mode decomposition,” Optics express, vol. 26, no. 16, pp.
20089-20101, 2018.

M. L. Manna, F. Kine, E. Breitbach, J. Jackson, T. Sultan, and A. Vel-
ten, “Error Backprojection Algorithms for Non-Line-of-Sight Imaging,”
IEEE Transactions on Pattern Analysis and Machine Intelligence, pp.
1-1, 2018.

C.-Y. Tsai, A. C. Sankaranarayanan, and I. Gkioulekas, “Beyond Vol-
umetric Albedo—A Surface Optimization Framework for Non-Line-Of-
Sight Imaging,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2019, pp. 1545-1555.

A. Pediredla, A. Dave, and A. Veeraraghavan, “SNLOS: Non-line-of-
sight Scanning through Temporal Focusing,” in 2019 IEEE Interna-
tional Conference on Computational Photography (ICCP), May 2019,
pp. 1-13.

S. Xin, S. Nousias, K. N. Kutulakos, A. C. Sankaranarayanan, S. G.
Narasimhan, and I. Gkioulekas, “A Theory of Fermat Paths for Non-
Line-of-Sight Shape Reconstruction,” in Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Jun. 2019.
G. Musarra, A. Lyons, E. Conca, Y. Altmann, F. Villa, F. Zappa, M. J.
Padgett, and D. Faccio, “Non-line-of-sight 3D imaging with a single-
pixel camera,” Phys. Rev. Applied, vol. 12, no. 1, p. 6, Jul. 2019.

B. Ahn, A. Dave, A. Veeraraghavan, 1. Gkioulekas, and A. C. Sankara-
narayanan, ‘“Convolutional approximations to the general non-line-of-
sight imaging operator,” in The IEEE International Conference on
Computer Vision (ICCV), Oct. 2019.

S. I. Young, D. B. Lindell, B. Girod, D. Taubman, and G. Wetzstein,
“Non-line-of-sight surface reconstruction using the directional light-
cone transform,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2020.

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

25

J. Iseringhausen and M. B. Hullin, “Non-line-of-sight reconstruction
using efficient transient rendering,” ACM Trans. Graph., vol. 39, no. 1,
Jan. 2020.

M. L. Manna, J.-H. Nam, S. A. Reza, and A. Velten, “Non-line-of-
sight-imaging using dynamic relay surfaces,” Opt. Express, vol. 28,
no. 4, pp. 5331-5339, Feb. 2020.

S. Chan, R. E. Warburton, G. Gariepy, J. Leach, and D. Faccio, “Non-
line-of-sight tracking of people at long range,” Optics Express, vol. 25,
no. 9, pp. 10109-10117, May 2017.

P. Caramazza, A. Boccolini, D. Buschek, M. Hullin, C. Higham,
R. Henderson, R. Murray-Smith, and D. Faccio, “Neural network
identification of people hidden from view with a single-pixel, single-
photon detector,” Scientific reports, vol. 8, no. 1, p. 11945, 2018.

G. Musarra, P. Caramazza, A. Turpin, A. Lyons, C. F. Higham,
R. Murray-Smith, and D. Faccio, “Detection, identification, and track-
ing of objects hidden from view with neural networks,” in Advanced
Photon Counting Techniques XIII, vol. 10978. International Society
for Optics and Photonics, May 2019, p. 1097803.

M. Isogawa, Y. Yuan, M. O’Toole, and K. M. Kitani, “Optical Non-
Line-of-Sight Physics-Based 3D Human Pose Estimation,” in Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 2020, pp. 7013-7022.

J. H. Nam, E. Brandt, S. Bauer, X. Liu, E. Sifakis, and
A. Velten, “Real-time Non-line-of-Sight imaging of dynamic scenes,”
arXiv:2010.12737 [cs], Oct. 2020, arXiv: 2010.12737. [Online].
Available: http://arxiv.org/abs/2010.12737

G. Gariepy, F. Tonolini, R. Henderson, J. Leach, and D. Faccio,
“Detection and tracking of moving objects hidden from view,” Nature
Photonics, vol. 10, no. 1, pp. 23-26, Jan. 2016.

F. Willomitzer, F. Li, P. Rangarajan, and O. Cossairt, “Non-line-of-
sight imaging using superheterodyne interferometry,” in Imaging and
Applied Optics 2018 (3D, AO, AIO, COSI, DH, IS, LACSEA, LS&C,
MATH, pcAOP), ser. Imaging and Applied Optics 2018 (3D, AO, AIO,
COSI, DH, IS, LACSEA, LS&C, MATH, pcAOP). Optical Society
of America, 2018, p. CM2E.1.

S. A. Reza, M. La Manna, S. Bauer, and A. Velten, ‘“Phasor field waves:
A Huygens-like light transport model for non-line-of-sight imaging
applications,” Optics Express, vol. 27, no. 20, p. 29380, Sep. 2019.
A. Kadambi, H. Zhao, B. Shi, and R. Raskar, “Occluded imaging with
time-of-flight sensors,” ACM Transactions on Graphics (ToG), vol. 35,
no. 2, pp. 1-12, 2016.

D. Zhu and W. Cai, “Fast Non-line-of-sight Imaging with Two-step
Deep Remapping,” arXiv:2101.10492 [cs, eess], Mar. 2021, arXiv:
2101.10492. [Online]. Available: http://arxiv.org/abs/2101.10492

W. Chen, S. Daneau, F. Mannan, and F. Heide, “Steady-state Non-
Line-of-Sight Imaging,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2019.

J. Klein, C. Peters, J. Martin, M. Laurenzis, and M. B. Hullin,
“Tracking objects outside the line of sight using 2D intensity images,”
Scientific reports, vol. 6, p. 32491, 2016.

B. M. Smith, M. O’Toole, and M. Gupta, “Tracking multiple objects
outside the line of sight using speckle imaging,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018,
pp. 6258-6266.

X. Lei, L. He, Y. Tan, K. X. Wang, X. Wang, Y. Du, S. Fan, and
Z. Yu, “Direct Object Recognition Without Line-of-Sight Using Optical
Coherence,” in 2019 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Mar. 2019.

S. Chandran and S. Jayasuriya, “Adaptive Lighting for Data-
Driven Non-Line-of-Sight 3D Localization and Object Identification,”
arXiv:1905.11595 [cs, eess], Jul. 2019.

M. Tancik, G. Satat, and R. Raskar, “Flash photography for data-driven
hidden scene recovery,” CoRR, vol. abs/1810.11710, 2018.

D. B. Lindell, G. Wetzstein, and V. Koltun, “Acoustic non-line-of-sight
imaging,” in 2019 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), ser. Proc. CVPR, 2019.

B. Wang, M.-Y. Zheng, J.-J. Han, X. Huang, X.-P. Xie, F. Xu, Q. Zhang,
and J.-W. Pan, “Non-line-of-sight imaging with picosecond temporal
resolution,” Physical Review Letters, vol. 127, no. 5, p. 053602, 2021.
R. Raskar and J. Davis, “5d time-light transport matrix: What can we
reason about scene properties?” MIT Technical Report, p. 7, 2008.

A. Kirmani, T. Hutchison, J. Davis, and R. Raskar, “Looking around
the corner using ultrafast transient imaging,” International journal of
computer vision, vol. 95, no. 1, pp. 13-28, 2011.

H. Shiraga, N. Miyanaga, M. Heya, M. Nakasuji, Y. Aoki, H. Azechi,
T. Yamanaka, and K. Mima, “Ultrafast two-dimensional x-ray imaging
with x-ray streak cameras for laser fusion research,” Review of scientific


http://arxiv.org/abs/2010.12737
http://arxiv.org/abs/2101.10492

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

instruments, vol. 68, no. 1, pp. 745-749, 1997, publisher: American
Institute of Physics.

P. Zhou, “Research on InGaAs/InP Single Photon Avalanche Diode
Based Infrared Single Photon Detection,” Ph.D. Thesis, Harbin Institute
of Technology, 2010.

C. Pei, A. Zhang, Y. Deng, F. Xu, J. Wu, D. U.-L. Li, H. Qiao,
L. Fang, and Q. Dai, “Dynamic non-line-of-sight imaging system
based on the optimization of point spread functions,” Optics
Express, vol. 29, no. 20, p. 32349, Sep. 2021. [Online]. Available:
https://www.osapublishing.org/abstract.cfm?URI=o0e-29-20-32349

S. Riccardo, E. Conca, V. Sesta, A. Velten, A. Tosi et al., “Fast-gated
16x 16 SPAD array with 16 on-chip 6-ps time-to-digital converters for
non-line-of-sight imaging,” IEEE Sensors Journal, vol. 22, no. 22, pp.
21564-21574, 2022.

R. Cao, F. De Goumoéns, B. Blochet, J. Xu, and C. Yang, “High-
resolution non-line-of-sight imaging employing active focusing,” Na-
ture Photonics, vol. 16, no. 6, pp. 462-468, 2022.

I. Gkioulekas, A. Levin, F. Durand, and T. Zickler, “Micron-scale light
transport decomposition using interferometry,” ACM Transactions on
Graphics (ToG), vol. 34, no. 4, pp. 1-14, 2015, publisher: ACM New
York, NY, USA.

J. Arlt, D. Tyndall, B. R. Rae, D. D.-U. Li, J. A. Richardson, and R. K.
Henderson, “A study of pile-up in integrated time-correlated single
photon counting systems,” Review of Scientific Instruments, vol. 84,
no. 10, p. 103105, 2013, publisher: American Institute of Physics.
C.-Y. Tsai, K. N. Kutulakos, S. G. Narasimhan, and A. C. Sankara-
narayanan, “The geometry of first-returning photons for non-line-of-
sight imaging,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2017, pp. 7216-7224.

M. O’Toole, F. Heide, D. B. Lindell, K. Zang, S. Diamond, and
G. Wetzstein, “Reconstructing transient images from single-photon
sensors,” in Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2017, pp. 1539-1547.

C. Gu, T. Sultan, K. Masumnia-Bisheh er al., “Fast non-line-of-
sight imaging with non-planar relay surfaces,” IEEE Transactions on
Computational Imaging, vol. 9, pp. 193-205, 2023.

X. Liu, J. Wang, L. Xiao, Z. Shi, X. Fu, and L. Qiu, “Non-line-of-
sight imaging with arbitrary illumination and detection pattern,” Nature
Communications, vol. 14, p. 3230, 2023.

D. Royo, T. Sultan, A. Muiioz, A. Jarabo et al., “Virtual mirrors: Non-
line-of-sight imaging beyond the third bounce,” ACM Transactions on
Graphics, vol. 42, no. 6, 2023, proc. SIGGRAPH Asia 2023.

P. Luesia, M. Crespo, A. Jarabo, and A. Redo-Sanchez, “Non-line-of-
sight imaging in the presence of scattering media using phasor fields,”
Optics Letters, vol. 47, no. 6, pp. 1440-1443, 2022.

Y. Yu, S. Shen, Z. Wang, B. Huang et al., “Enhancing non-line-of-sight
imaging via learnable inverse kernel and attention mechanisms,” in
Proceedings of the IEEE/CVF International Conference on Computer
Vision (ICCV), 2023, pp. 10563-10573.

I. Cho, H. Shim, and S.-J. Kim, “Learning to enhance aperture
phasor field for non-line-of-sight imaging,” in European Conference
on Computer Vision (ECCV), 2024.

H. Shim, I. Cho, D. Kwon, and S.-J. Kim, “Domain reduction strategy
for non-line-of-sight imaging,” in European Conference on Computer
Vision (ECCV), 2024.

Y. Fujimura, T. Kushida, T. Funatomi, and Y. Mukaigawa, “NLOS-

NeuS: Non-line-of-sight neural implicit surface,” in Proceedings of

the IEEE/CVF International Conference on Computer Vision (ICCV),
2023, pp. 10532-10541.

Z.-P. Li, J.-T. Ye, X. Huang, P-Y. Jiang, Y. Cao, Y. Hong, C. Yu,
J. Zhang, Q. Zhang, C.-Z. Peng, F. Xu, and J.-W. Pan, “Single-photon
imaging over 200 km,” Optica, vol. 8, no. 3, p. 344, Mar. 2021.

Z.-P. Li, X. Huang, Y. Cao, B. Wang, Y.-H. Li, W. Jin, C. Yu,
J. Zhang, Q. Zhang, C.-Z. Peng, F. Xu, and J.-W. Pan, “Single-photon
computational 3d imaging at 45&#x2009;&#x2009;km,” Photon.
Res., vol. 8, no. 9, pp. 1532-1540, Sep 2020. [Online]. Available:
http://www.osapublishing.org/prj/abstract.cfm?URI=prj-8-9- 1532

X. Liu and A. Velten, “The role of Wigner Distribution Function in
Non-Line-of-Sight Imaging,” in 2020 IEEE International Conference
on Computational Photography (ICCP), Apr. 2020, pp. 1-12.

M. Isogawa, D. Chan, Y. Yuan, K. Kitani, and M. O’Toole, “Efficient
Non-Line-of-Sight Imaging from Transient Sinograms,” p. 26.

J. Wang, X. Liu, L. Xiao, Z. Shi, L. Qiu, and X. Fu, “Non-line-of-sight
imaging with signal superresolution network,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2023, pp. 17420-17429.

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

26

Y. Li, Y. Zhang, J. Ye, F. Xu, and Z. Xiong, “Deep non-line-of-sight
imaging from under-scanning measurements,” in Advances in Neural
Information Processing Systems (NeurlPS), 2023.

X. Cui, H. Yue, S. Li, X. Yin et al., “Virtual scanning: Unsupervised
non-line-of-sight imaging from irregularly undersampled transients,” in
Advances in Neural Information Processing Systems (NeurIPS), 2024.
Z. Li, X. Liu, J. Wang, Z. Shi, L. Qiu, and X. Fu, “Fast non-line-of-
sight imaging based on first photon event stamping,” Optics Letters,
vol. 47, no. 12, pp. 3065-3068, 2022.

J. Liu, Y. Zhou, X. Huang, Z.-P. Li et al., “Photon-efficient non-line-of-
sight imaging,” IEEE Transactions on Computational Imaging, vol. 8,
pp. 1122-1133, 2022.

W. Zhang, E. Guo, S. Zhu, C. Huang, L. Chen, L. Liu et al., “Real-
time scan-free non-line-of-sight imaging,” APL Photonics, vol. 9, p.
026106, 2024.

D. Zhu and W. Cai, “Fast non-line-of-sight imaging with two-step deep
remapping,” ACS Photonics, vol. 9, no. 8, pp. 2726-2734, 2022.

F. Mu, S. Mo, J. Peng, X. Liu, J. H. Nam, S. Raghavan, A. Velten,
and Y. Li, “Physics to the rescue: Deep non-line-of-sight reconstruction
for high-speed imaging,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 44, no. 12, pp. 9927-9940, 2022.

S. Seidel, H. Rueda-Chacén, 1. Cusini, F. Villa et al., “Non-line-of-
sight snapshots and background mapping with an active corner camera,”
Nature Communications, vol. 14, p. 4209, 2023.

X. Huang, R. Ye, W. Li, J. Zeng et al., “Non-line-of-sight imaging and
vibrometry using a comb-calibrated coherent sensor,” Physical Review
Letters, vol. 132, p. 243803, 2024.

M. Aittala, P. Sharma, L. Murmann, A. Yedidia, G. Wornell, B. Free-
man, and F. Durand, “Computational Mirrors: Blind Inverse Light
Transport by Deep Matrix Factorization,” in Advances in Neural
Information Processing Systems, 2019, pp. 14311-14321.

O. Katz, P. Heidmann, M. Fink, and S. Gigan, “Non-invasive single-
shot imaging through scattering layers and around corners via speckle
correlations,” Nature photonics, vol. 8, no. 10, p. 784, 2014.

S. Feng, C. Kane, P. A. Lee, and A. D. Stone, “Correlations and
fluctuations of coherent wave transmission through disordered media,”
Physical review letters, vol. 61, no. 7, p. 834, 1988.

I. Freund, M. Rosenbluh, and S. Feng, “Memory effects in propagation
of optical waves through disordered media,” Physical review letters,
vol. 61, no. 20, p. 2328, 1988.

G. Osnabrugge, R. Horstmeyer, I. N. Papadopoulos, B. Judkewitz, and
I. M. Vellekoop, “Generalized optical memory effect,” Optica, vol. 4,
no. 8, pp. 886-892, 2017.

A. Beckus, A. Tamasan, and G. K. Atia, “Multi-Modal Non-Line-
of-Sight Passive Imaging,” IEEE Transactions on Image Processing,
vol. 28, no. 7, pp. 3372-3382, Jul. 2019.

M. Chen, H. Liu, S. Jin, M. Liu, Z. Xu, X. Jiang, and M. Xu, “Hyper-
NLOS: Hyperspectral passive non-line-of-sight imaging,” Optics Ex-
press, vol. 32, no. 5, pp. 7430-7443, 2024.

K. Tanaka, Y. Mukaigawa, and A. Kadambi, ‘“Polarized Non-Line-of-
Sight Imaging,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2020, p. 10.

A. B. Yedidia, M. Baradad, C. Thrampoulidis, W. T. Freeman, and
G. W. Wornell, “Using Unknown Occluders to Recover Hidden
Scenes,” in Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2019, pp. 12231-12239.

A. Torralba and W. T. Freeman, “Accidental pinhole and pinspeck
cameras: Revealing the scene outside the picture,” in 2012 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR).
IEEE, 2012, pp. 374-381.

S. W. Seidel, Y. Ma, J. Murray-Bruce, C. Saunders, W. T. Freeman,
C. C. Yu, and V. K. Goyal, “Corner occluder computational periscopy:
Estimating a hidden scene from a single photograph,” in /IEEE Interna-
tional Conference on Computational Photography, ICCP 2019, Tokyo,
Japan, May 15-17, 2019. 1EEE, 2019, pp. 1-9.

K. L. Bouman, V. Ye, A. B. Yedidia, F. Durand, G. W. Wornell,
A. Torralba, and W. T. Freeman, “Turning corners into cameras:
Principles and methods,” in Proceedings of the IEEE International
Conference on Computer Vision, 2017, pp. 2270-2278.

T. Maeda, Y. Wang, R. Raskar, and A. Kadambi, “Thermal non-
line-of-sight imaging,” in 2019 IEEE International Conference on
Computational Photography (ICCP), 2019, pp. 1-11.

R. Geng, Y. Hu, Z. Lu, C. Yu, H. Li, H. Zhang, and Y. Chen, ‘“Passive
non-line-of-sight imaging using optimal transport,” IEEE Transactions
on Image Processing, vol. 31, pp. 110-124, 2022.


https://www.osapublishing.org/abstract.cfm?URI=oe-29-20-32349
http://www.osapublishing.org/prj/abstract.cfm?URI=prj-8-9-1532

[118]

[119]
[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

J. Zhang, R. Geng, X. Du, Y. Chen, H. Li, and Y. Hu, “Passive non-line-
of-sight imaging with light transport modulation,” IEEE Transactions
on Image Processing, 2025.

B. Newhall, The History of Photography. Museum of modern art New
York, 1982.

B. L. Anderson, “The role of partial occlusion in stereopsis,” Nature,
vol. 367, no. 6461, pp. 365-368, Jan. 1994.

M. Baradad, V. Ye, A. B. Yedidia, F. Durand, W. T. Freeman, G. W.
Wornell, and A. Torralba, “Inferring Light Fields from Shadows,” in
2018 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. Salt Lake City, UT: IEEE, Jun. 2018, pp. 6267-6275.

A. Veeraraghavan, R. Raskar, A. Agrawal, A. Mohan, and J. Tumblin,
“Dappled Photography: Mask Enhanced Cameras for Heterodyned
Light Fields and Coded Aperture Refocusing,” in In ACM SIGGRAPH
2007 Papers, SSIGGRAPH "07, New York, NY, USA, 2007. ACM, 2007,
p. 12.

P. Sen, B. Chen, G. Garg, S. R. Marschner, M. Horowitz, M. Levoy,
and H. P. A. Lensch, “Dual photography,” ACM Trans. Graph., vol. 24,
no. 3, pp. 745-755, Jul. 2005.

T. F. Chan and C.-K. Wong, “Total variation blind deconvolution,”
IEEE transactions on Image Processing, vol. 7, no. 3, pp. 370-375,
1998.

D. Kundur and D. Hatzinakos, “Blind image deconvolution,” IEEE
signal processing magazine, vol. 13, no. 3, pp. 43-64, 1996.

A. Levin, Y. Weiss, F. Durand, and W. T. Freeman, “Understanding and
evaluating blind deconvolution algorithms,” in 2009 IEEE Conference
on Computer Vision and Pattern Recognition. IEEE, 2009, pp. 1964—
1971.

J. R. Fienup, “Phase retrieval algorithms: A comparison,” Applied
optics, vol. 21, no. 15, pp. 2758-2769, 1982.

J. Bertolotti, E. G. Van Putten, C. Blum, A. Lagendijk, W. L. Vos, and
A. P. Mosk, “Non-invasive imaging through opaque scattering layers,”
Nature, vol. 491, no. 7423, pp. 232-234, 2012.

Y. Wang, Z. Wang, B. Zhao, D. Wang, M. Chen, and X. Li, “Prop-
agate and calibrate: Real-time passive non-line-of-sight tracking,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2023, pp. 972-981.

R. Czajkowski and J. Murray-Bruce, “Two-edge-resolved three-
dimensional non-line-of-sight imaging with an ordinary camera,” Na-
ture Communications, vol. 15, p. 4376, 2024.

C. Zhou, C.-Y. Wang, and Z. Liu, “Non-line-of-sight imaging off a
Phong surface through deep learning,” arXiv preprint arXiv, p. 24,
2020.

T. Yu, M. Qiao, H. Liu, and S. Han, “Non-Line-of-Sight Imaging
Through Deep Learning,” Acta Optica Sinica, pp. 1-12, 2019.

K. Tajima, T. Shimano, Y. Nakamura, M. Sao, and T. Hoshizawa,
“Lensless light-field imaging with multi-phased fresnel zone aperture,”
in 2017 IEEE International Conference on Computational Photography
(ICCP). IEEE, 2017, pp. 1-7.

R. Fatemi, B. Abiri, and A. Hajimiri, “An 8*8 heterodyne lens-less
opa camera,” in Conference on Lasers and Electro-Optics (2017),
paper JW2A.9. Optical Society of America, 2017, p. JW2A.9.
[Online]. Available: https://www.osapublishing.org/abstract.cfm?uri=
CLEO_QELS-2017-JW2A.9

S. K. Sahoo, D. Tang, and C. Dang, “Single-shot multispectral
imaging with a monochromatic camera,” Optica, vol. 4, no. 10,
pp. 1209-1213, Oct. 2017, publisher: Optical Society of
America. [Online]. Available: https://www.osapublishing.org/optica/
abstract.cfm?uri=optica-4- 10-1209

X. Du, R. Geng, J. Zhang, Y. Chen, and Y. Hu, “Passive non-line-of-
sight imaging with parallel encoder,” in ICASSP 2025. 1EEE, 2025,
pp. 1-5.

Y. Wang, R. Geng, J. Zhang, X. Du, Y. Chen, and Y. Hu, “Nlos-
r 2: Alternate reconstruction and recognition for non-line-of-sight
understanding,” in 2025 IEEE International Conference on Multimedia
and Expo (ICME). 1EEE, 2025, pp. 1-6.

Y. He, D. Zhang, Y. Hu, and Y. Chen, “Non-line-of-sight Imaging with
Radio Signals,” in 2020 Asia-Pacific Signal and Information Processing
Association Annual Summit and Conference (APSIPA ASC), Dec. 2020,
pp. 11-16, iSSN: 2640-0103.

W. Li, Y. Zhou, W. Li, Y. Chen, X. Huang, C. Dai, J. Zeng et al., “Turn-
ing rough surfaces into non-line-of-sight cameras,” Optica, vol. 12,
no. 2, pp. 176-185, 2025.

Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol.
521, no. 7553, p. 436, 2015.

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

27

O. Kupyn, V. Budzan, M. Mykhailych, D. Mishkin, and J. Matas,
“DeblurGAN: Blind Motion Deblurring Using Conditional Adversarial
Networks,” in 2018 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2018.

D. Eigen, C. Puhrsch, and R. Fergus, “Depth map prediction from a
single image using a multi-scale deep network,” Advances in neural
information processing systems, vol. 27, pp. 23662374, 2014.

D. B. Lindell, M. O’Toole, and G. Wetzstein, “Single-photon 3D
imaging with deep sensor fusion,” ACM Transactions on Graphics,
vol. 37, no. 4, p. 113, 2018.

S. Su, F. Heide, G. Wetzstein, and W. Heidrich, “Deep End-
to-End Time-of-Flight Imaging,” in 2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Salt Lake City,
UT: IEEE, Jun. 2018, pp. 6383-6392. [Online]. Available: https:
/lieeexplore.ieee.org/document/8578766/

J. Marco, Q. Hernandez, A. Muiioz, Y. Dong, A. Jarabo, M. H.
Kim, X. Tong, and D. Gutierrez, “DeepToF: off-the-shelf real-time
correction of multipath interference in time-of-flight imaging,” ACM
Transactions on Graphics, vol. 36, no. 6, pp. 219:1-219:12, Nov.
2017. [Online]. Available: https://doi.org/10.1145/3130800.3130884
L. I. Rudin, S. Osher, and E. Fatemi, “Nonlinear total variation based
noise removal algorithms,” Physica D: nonlinear phenomena, vol. 60,
no. 1-4, pp. 259-268, 1992, publisher: Elsevier.

A. Chambolle, V. Caselles, D. Cremers, M. Novaga, and T. Pock,
“An introduction to total variation for image analysis,” Theoretical
foundations and numerical methods for sparse recovery, vol. 9, no.
263-340, p. 227, 2010, publisher: de Gruyter Berlin.

J. Tang, B. E. Nett, and G.-H. Chen, “Performance comparison between
total variation (TV)-based compressed sensing and statistical iterative
reconstruction algorithms,” Physics in Medicine & Biology, vol. 54,
no. 19, p. 5781, 2009, publisher: IOP Publishing.

O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional net-
works for biomedical image segmentation,” in International Conference
on Medical Image Computing and Computer-Assisted Intervention.
Springer, 2015, pp. 234-241.

Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based
learning applied to document recognition,” Proceedings of the IEEE,
vol. 86, no. 11, pp. 2278-2324, Nov. 1998.

S. Hochreiter and J. Schmidhuber, “Long Short-Term Memory,” Neural
Computation, vol. 9, no. 8, pp. 1735-1780, Nov. 1997.

G. Satat, M. Tancik, O. Gupta, B. Heshmat, and R. Raskar, “Object
classification through scattering media with deep learning on time
resolved measurement,” Optics express, vol. 25, no. 15, pp. 17466—
17479, 2017.

D. P. Kingma and M. Welling, “Auto-Encoding Variational Bayes,”
in International Conference on Learning Representations, May 2014,
arXiv: 1312.6114. [Online]. Available: http://arxiv.org/abs/1312.6114
P. Netrapalli, P. Jain, and S. Sanghavi, “Phase retrieval using alternating
minimization,” IEEE Transactions on Signal Processing, vol. 63,
no. 18, pp. 4814-4826, 2015, publisher: IEEE.

S. Shen, Z. Wang, P. Liu, Z. Pan, R. Li, T. Gao, S. Li, and J. Yu,
“Non-line-of-sight Imaging via Neural Transient Fields,” IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, pp. 1-1, 2021,
conference Name: IEEE Transactions on Pattern Analysis and Machine
Intelligence.

S. Sun, Y. Li, Y. Zhang, and Z. Xiong, “Generalizable non-line-of-
sight imaging with learnable physical priors,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2025.

J. Ye, Y. Hong, X. Su, X. Yuan, and F. Xu, “Plug-and-play algorithms
for dynamic non-line-of-sight imaging,” ACM Transactions on Graph-
ics, vol. 43, no. 6, 2024.

H. Wu, S. Liu, X. Meng, X. Yang, and Y. Yin, “Non-line-of-sight
imaging based on an untrained deep decoder network,” Optics Letters,
vol. 47, no. 16, pp. 40324035, 2022.

Q. Hernandez, D. Gutierrez, and A. Jarabo, “A computational model
of a single-photon avalanche diode sensor for transient imaging,” arXiv
preprint arXiv:1703.02635, 2017.

D. Martin, C. Fowlkes, D. Tal, and J. Malik, “A Database of Human
Segmented Natural Images and its Application to Evaluating Seg-
mentation Algorithms and Measuring Ecological Statistics,” in IEEE
International Conference on Computer Vision (ICCV), 2001, pp. 416—
425.

B. T. Phong, “Illumination for Computer Generated Pictures,” Com-
munications of the ACM, vol. 18, no. 6, p. 7, 1975.

D. Royo, J. Garcia, P. Luesia-Lahoz, J. Marco, A. Muifioz, and
A. Jarabo, “Non-line-of-sight transient rendering,” ACM Transactions


https://www.osapublishing.org/abstract.cfm?uri=CLEO_QELS-2017-JW2A.9
https://www.osapublishing.org/abstract.cfm?uri=CLEO_QELS-2017-JW2A.9
https://www.osapublishing.org/optica/abstract.cfm?uri=optica-4-10-1209
https://www.osapublishing.org/optica/abstract.cfm?uri=optica-4-10-1209
https://ieeexplore.ieee.org/document/8578766/
https://ieeexplore.ieee.org/document/8578766/
https://doi.org/10.1145/3130800.3130884
http://arxiv.org/abs/1312.6114

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

on Graphics, vol. 41, no. 6, pp. 1-13, 2022, proc. SIGGRAPH Asia
2022.

M. Plack, C. Callenberg, M. Schneider, and M. B. Hullin, “Fast
differentiable transient rendering for non-line-of-sight reconstruction,”
in Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2023.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for
Image Recognition,” in 2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Las Vegas, NV, USA: IEEE, Jun.
2016, pp. 770-778.

Y. Liu, Z. Wang, Y. Zeng, H. Zeng, and D. Zhao, “PD-GAN:
Perceptual-Details GAN for extremely noisy low light image enhance-
ment,” in [EEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), 2021.

D. Rozumnyi, M. R. Oswald, V. Ferrari, J. Matas, and M. Pollefeys,
“DeFMO: Deblurring and Shape Recovery of Fast Moving Objects,”
arXiv:2012.00595 [cs], Dec. 2020, arXiv: 2012.00595. [Online].
Available: http://arxiv.org/abs/2012.00595

M. Galindo, J. Marco, M. O’Toole, G. Wetzstein, D. Gutierrez, and
A. Jarabo, “A Dataset for Benchmarking Time-resolved Non-line-of-
sight Imaging,” in ACM SIGGRAPH 2019 Posters, ser. SIGGRAPH
’19. New York, NY, USA: ACM, 2019, pp. 73:1-73:2.

S. Somasundaram, A. Dave, C. Henley, A. Veeraraghavan, and
R. Raskar, “Role of transients in two-bounce non-line-of-sight imag-
ing,” in Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2023, pp. 9192-9201.

N. Scheiner, F. Kraus, F. Wei, B. Phan, F. Mannan, N. Appenrodt,
W. Ritter, J. Dickmann, K. Dietmayer, B. Sick, and F. Heide, “Seeing
Around Street Corners: Non-Line-of-Sight Detection and Tracking
In-the-Wild Using Doppler Radar,” in 2020 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), p. 10.

T. Li, Y. Shi, J. Miao, Y. Wei, L. Liu, L. Bai, E. Guo et al., “Super-field-
of-view non-line-of-sight imaging via spatial encoding of a translated
point spread function,” Photonics Research, 2026.

28


http://arxiv.org/abs/2012.00595

	I Introduction
	Introduction
	Active Methods
	II Active Methods
	Hardware Devices in Active Methods
	II-A Hardware Devices in Active Methods
	Pulsed laser and high temporal resolution detector
	II-A1 Pulsed laser and high temporal resolution detector
	Modulated light source and ToF camera
	II-A2 Modulated light source and ToF camera
	Active light source and interferometry
	II-A3 Active light source and interferometry
	Laser and conventional camera
	II-A4 Laser and conventional camera
	LiDAR
	II-A5 LiDAR

	Forward propagation model
	II-B Forward propagation model
	ToF-based model
	II-B1 ToF-based model
	Wave-based model
	II-B2 Wave-based model

	Reconstruction topology
	II-C Reconstruction topology
	Volumetric
	II-C1 Volumetric
	Surface
	II-C2 Surface
	High-level representation
	II-C3 High-level representation

	Reconstruction methodology
	II-D Reconstruction methodology
	Inverse methods
	II-D1 Inverse methods
	Wave-based methods
	II-D2 Wave-based methods
	Transformer and Neural Representation-Based Methods
	II-D3 Transformer and Neural Representation-Based Methods
	Detection, location and identification
	II-D4 Detection, location and identification

	Challenges and Prospects
	II-E Challenges and Prospects
	Ill-posedness with low SNR
	II-E1 Ill-posedness with low SNR
	Long data acquisition time
	II-E2 Long data acquisition time
	Limited resolution
	II-E3 Limited resolution


	Passive Methods
	III Passive Methods
	Cameras in passive methods
	III-A Cameras in passive methods
	Conventional camera
	III-A1 Conventional camera
	Interferometer
	III-A2 Interferometer
	Hyperspectral and Multispectral Cameras
	III-A3 Hyperspectral and Multispectral Cameras

	Physical model
	III-B Forward imaging model
	Reconstruction with constraints
	III-C Reconstruction with constraints
	Partial occluder
	III-C1 Partial occluder
	Polarizer
	III-C2 Polarizer
	Coherence
	III-C3 Coherence
	Optimal Transport and Transport Modulation
	III-C4 Optimal Transport and Transport Modulation
	Real-Time Passive NLOS Tracking
	III-C5 Real-Time Passive NLOS Tracking
	Deep Learning
	III-C6 Deep Learning

	Challenges and prospects
	III-D Challenges and prospects
	Ill-posedness
	III-D1 Ill-posedness
	Limited measurement
	III-D2 Limited measurement


	Deep Learning Methods
	IV Deep Learning Methods
	Priors in NLOS imaging
	IV-A Priors in NLOS imaging
	Unexploited prior – scene prior
	IV-A1 Unexploited prior – scene prior

	End-to-End algorithms
	IV-B End-to-End algorithms
	Network combined with physical models
	IV-C Network combined with physical models
	Challenges and Prospects
	IV-D Challenges and Prospects
	Dataset
	IV-D1 Dataset
	Network Architecture
	IV-D2 Network Architecture
	Generalization
	IV-D3 Generalization

	Dynamic NLOS Imaging
	IV-E Dynamic NLOS Imaging

	New NLOS Scenes
	V New NLOS Scenes
	Two-bounce NLOS imaging
	V-A Two bounce NLOS imaging
	Two-Bounce NLOS: Role of Transients
	V-B Two-Bounce NLOS: Role of Transients
	Keyhole Imaging
	V-C Keyhole Imaging
	Radar-Based NLOS Imaging
	V-D Radar-Based NLOS Imaging
	Acoustic NLOS Imaging
	V-E Acoustic NLOS Imaging
	NLOS Human Pose Estimation
	V-F NLOS Human Pose Estimation
	Polarization-Based Scanning-Free NLOS
	V-G Polarization-Based Scanning-Free NLOS
	Super-Field-of-View NLOS Imaging
	V-H Super-Field-of-View NLOS Imaging

	Conclusion
	VI Conclusion
	References

