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Non-line-of-sight (NLOS) imaging technique has broad application prospects in fields such as autonomous 
driving and robotic vision. Among the existing NLOS imaging methods, the scan-free methods allow rapid data 
acquisition. However, the imaging resolution is limited by the system’s temporal jitter and the number of pixels in 
the array detector, and the real-time recovery of complex dynamic scenes is still a major challenge. Here, based on 
the temporal and spatial broadening of the signal and the evolution characteristics of optical transmission fields, 
we establish the three-dimensional blur kernel and the forward evolution model under scan-free conditions. 
Subsequently, leveraging the spatial correlation between adjacent detection region information, we propose a 
resampling method to obtain high-resolution data information with fine collection. Combining this with three
dimensional blur kernel modeling makes high-resolution imaging of hidden targets realized through model 
inversion. Our method improves the lateral resolution of the imaging results and enables the reconstruction of 
dynamically complex scenes. We demonstrate high-resolution NLOS imaging at 5 frames per second for dynamic 
scenes, providing valuable insights for practical applications of NLOS imaging.

1. Introduction

Non-line-of-sight (NLOS) imaging can restore hidden scenes beyond 
the line of sight by analyzing indirect reflected light scattered from 
the surrounding environment, and it has applications in fields such 
as robotic vision, autonomous driving, medical imaging, disaster assis
tance, and cave exploration [1--7]. In recent years, NLOS imaging has 
garnered considerable attention, and various solutions based on differ
ent principles have been proposed. Typical methods include speckle cor
relation [8,9], wavefront shaping [10], acoustic imaging [11], thermal 
imaging [12], and transient imaging techniques [13--16,6,17]. Among 
these, transient imaging methods have become a focal point of research 
in recent years due to their three-dimensional reconstruction abilities 
and wide application prospects.

In the transient NLOS imaging system, the pulse laser is used for ac
tive illumination, and the time-resolved detector can collect the time 
response information diffusely reflected from the hidden scene to the 
relay wall. However, a single time-offlight (ToF) measurement often 
suffers from significant errors. Therefore, the detector is typically com
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bined with a time-correlated single-photon counting module as the de
tection system to count the sampled ToF and generate a time distribution 
histogram [18]. After collecting sufficient signals, an appropriate com
putational method is then used to decode the signals [19]. The earliest 
NLOS methods use a streak camera and reconstruct the 5D data col
lected based on the back-projection algorithm [13,20]. However, such 
systems necessitate the simultaneous scanning of both the light source 
and the camera, resulting in prolonged acquisition times and complex 
reconstruction processes. Subsequent work has proposed error back
projection algorithms [21] and fast back-projection algorithms [22] 
based on the original back-projection algorithm, enhancing imaging res
olution and speed respectively. To simplify the acquisition process, the 
method of transmitting and receiving coaxial is adopted, which simpli
fies the forward model of NLOS imaging. Based on the propagation pro
cess of geometric optics, a light-cone transform (LCT) algorithm based 
on deconvolution process is designed, which can achieve highfidelity 
reconstruction of the target only by three-dimensional measurement 
[14]. This approach significantly accelerates computational speed and 
has been widely adopted. In addition to the geometric optics model, 
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researchers have attempted to describe the detection process of NLOS 
imaging at the physical level, proposing f-k boundary migration meth
ods and virtual wave methods [15,16]. These methods can accurately 
model the NLOS imaging process, contributing to high-resolution imag
ing of complex targets.

The capability for high-resolution and fast imaging is important for 
the practical application of NLOS imaging. For instance, in the field of 
autonomous driving, the ability to observe complex scenes is critical. 
Considering the motion of the object and the permissible detection time, 
the rapid detection of target structures also holds considerable research 
value. However, to achieve high-resolution reconstruction results, the 
aforementioned methods all require dense scanning on the relay wall, 
resulting in a long data acquisition time that significantly limits their 
practical applications [14,15,19,23]. To realize fast imaging in NLOS 
scenarios, many methods have been proposed, including reducing the 
number of scanning points [24--30,23], decreasing the acquisition time 
per detection point [18], using single-photon avalanche diode (SPAD) 
array detectors combined with some modulation methods [31,32], or 
directly based on SPAD array detectors for scan-free imaging [33,34]. 
Nevertheless, a significant reduction in the number of scanning points 
or in the acquisition time per detection point can adversely affect im
age quality. Moreover, using deep learning methods to improve imaging 
performance can also face issues such as limited generalization capabil
ities of the network. The SPAD array detectors have the advantage of 
capturing light simultaneously from multiple pixels, the methods based 
on SPAD array detectors demonstrate significant advantages in detec
tion speed. By utilizing custom-designed detector arrays in conjunction 
with laser scanning, current technology can achieve up to 5 frames per 
second (fps) [32]. If employing commercial SPAD array detector with 
32×32 pixels, it is possible to achieve scan-free NLOS imaging, with the 
fastest acquisition speed reaching 151 fps [33,34].

Despite recent breakthroughs, achieving high-resolution real-time or 
near-real-time NLOS imaging remains challenging. Using array detec
tors instead of laser scanning offers significant advantages in terms of 
acquisition speed, but it also introduces some issues: crosstalk exists be
tween pixels when using array detectors for data acquisition, resulting 
in a lower signal-to-noise ratio (SNR) in the collected data [33]. Current 
array detectors are limited in number, making dense sampling difficult, 
which may impose certain limitations on imaging resolution [34,14]. 
Furthermore, the fundamental resolution of the transient NLOS imag
ing is determined by the total temporal jitter of the experimental setup, 
which limits the spatial resolution to the centimeter scale [35,14]. In 
scan-free scenarios, besides the pulse width of the laser and the tempo
ral jitter of the array detector, the influence of the field of view (FoV) 
of a single detection point on the temporal jitter should also be consid
ered. In this case, the temporal jitter of the system increases, which in 
turn decreases the resolution of the imaging [36,6,37].

To balance imaging resolution and detection speed, this paper pro
poses a spatial-correlation-based scan-free NLOS imaging method called 
SCBSF-NLOS, which achieves highfidelity and high-resolution recon
struction of hidden scenes while maintaining high acquisition speed. 
Scan-free configurations enable rapid data acquisition. Based on this, 
we propose a resampling method to obtain higher spatial resolution 
data. Considering the influence of the detection FoV on the temporal 
and spatial broadening of signals, the modeling for scan-free scenarios 
is perfected to overcome some resolution limitations. The fast acquisi
tion speed makes the method suitable for dynamic scenes, enabling rapid 
imaging of the object when combined with the fast reconstruction algo
rithm. To better extract object information, we perform filtering in the 
frequency domain to remove some of the noise in the reconstruction re
sults. Furthermore, our method can achieve highfidelity reconstruction 
of target structures using an array detector with 16×16 pixels, further 
reducing the manufacturing cost and processing requirements of the de
tector.

2. Method

2.1. The forward evolution model in non-confocal scan-free scenarios

The NLOS imaging model and SCBSF-NLOS method proposed in this 
paper are based on the non-confocal scan-free system shown in Fig. 1(a). 
The following assumptions are made: there are no occlusions within the 
hidden scene, inter-reflections between hidden objects are not consid
ered, and light scatters isotropically.

Let 𝑟1 ∈ Ω𝑤𝑎𝑙𝑙 = {(𝑥1, 𝑦1, 𝑧1) ∈ ℝ × ℝ × ℝ|𝑧1 = 𝑧𝑤𝑎𝑙𝑙} denote the 
position of the illumination point on the relay wall, and 𝑟2 ∈ Ω𝑤𝑎𝑙𝑙 =
{(𝑥2, 𝑦2, 𝑧2) ∈ ℝ × ℝ × ℝ|𝑧2 = 𝑧𝑤𝑎𝑙𝑙} represents the position of the de
tection point corresponding to a detector pixel on the relay wall, where 
(𝑥, 𝑦, 𝑧) denotes the three-dimensional space. For simplicity, assume that 
the relay wall is a plane at 𝑧 = 𝑧𝑤𝑎𝑙𝑙 . The illumination point on the relay 
wall is fixed, and each detector pixel corresponds to a different detec
tion point on the relay wall. For the detection point 𝑟2 , the transmission 
model of light from the illumination point 𝑟1 to the hidden object and 
then returning to the detection point 𝑟2 on the relay wall can be ex
pressed as:

𝐼(𝑡, 𝑟1, 𝑟2) = ∫
𝜓

𝑓 (𝑠, 𝑟1)𝑓 (𝑠, 𝑟2)𝛿(𝑐𝑡− ||𝑠− 𝑟1||− ||𝑠− 𝑟2||)𝑑𝑠, (1)

where function 𝑓 describes the light throughput from a point on the 
relay wall to a point on the hidden object, and it encompasses the bidi
rectional scattering distribution function, albedo, visibility, and inverse
square falloff factors [38,4]. The function 𝛿 is related to distance and 
propagation time, and integration is performed over time 𝑡 and the hid
den volume 𝑠 ∈ 𝜓 = {(𝑥, 𝑦, 𝑧) ∈ℝ ×ℝ ×ℝ|𝑧 ⩾ 𝑧𝑤𝑎𝑙𝑙}.

Modeling non-confocal scenes directly is relatively complex and 
computationally expensive. To simplify the computational steps, we re
fer to the dip moveout correction [39] used in seismic imaging and 
propose the non-confocal transformation (NCT) correction method [34], 
which allows for tilted normal of the objects relative to the relay wall. 
By incorporating prior knowledge of the positions of the laser point and 
detection points, the data detected by SPAD is corrected to confocal 
scene data. Under the transformed confocal scenario, Equation (1) can 
be expressed as:

𝐼 ′(𝑡′, 𝑟′, 𝑟′) = ∫
𝜓

𝑓 (𝑠, 𝑟′)2𝛿(𝑐𝑡′ − 2||𝑠− 𝑟′||)𝑑𝑠, (2)

where 𝑟′ ∈ Ω𝑤𝑎𝑙𝑙 = {(𝑥′, 𝑦′, 𝑧′) ∈ ℝ ×ℝ ×ℝ|𝑧′ = 𝑧𝑤𝑎𝑙𝑙} is the corrected 
confocal point.

As shown in Fig. 1(a), in the scan-free system configuration, to en
sure the detection area on the relay wall, it is necessary to use a lens 
to focus the detection surface of the array detector onto the relay wall, 
which also expands the detection FoV corresponding to a single pixel 
of the detector. As shown in Fig. 1, in the scan-free system, the laser 
spot and the detection FoV of a single pixel on the relay wall cannot be 
simply regarded as a point, which will affect the spatiotemporal infor
mation detected by the detector, leading to certain blurring in the object 
reconstruction results [6,37].

Firstly, the spatial broadening is considered. The spatial distribution 
of the laser spot can be represented by a two-dimensional Gaussian dis
tribution. Assuming that the standard deviations of the two-dimensional 
Gaussian function are 𝜎𝑥 and 𝜎𝑦 respectively, and the central intensity 
is a constant 𝑃 , then the light intensity at a point 𝑟′𝑐 = (𝑥′𝑐 , 𝑦

′
𝑐 , 𝑧

′
𝑐 = 𝑧𝑤𝑎𝑙𝑙)

within the detection FoV can be expressed as:

𝑃𝑐 = 𝑃 𝑒𝑥𝑝(−
(𝑥′𝑐 − 𝑥′)2

2𝜎2𝑥
−

(𝑦′𝑐 − 𝑦′)2

2𝜎2𝑦
)

⏟ ⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟ ⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝜙𝑥𝑦

. (3)

The total signal 𝐼 ′𝑠𝑝𝑎𝑐𝑒 can be expressed as the superposition of signals 
at each point in the detection FoV:
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Fig. 1. Non-confocal scan-free imaging system model. (a) The optical setup of the NLOS imaging system. (b) Schematic diagram of the experiment to explain the 
forward evolution model. (c) A simple example illustrates that when the object is a simple dot at various positions, the transient image’s response varies according 
to its position. (d) The two-dimensional transient images under different time bins. (e) The expanding of the collected three-dimensional transient image according 
to the position of the detection regions.

𝐼 ′𝑠𝑝𝑎𝑐𝑒 = 𝑃 ∬ [𝐼 ′(𝑥′, 𝑦′, 𝑧′) × 𝜙𝑥𝑦]𝑑𝑥′𝑐𝑑𝑦
′
𝑐 , (4)

In order to facilitate the subsequent calculation, the constant 𝑃 can be 
ignored, and 𝐼 ′𝑠𝑝𝑎𝑐𝑒 can be written as the convolution of 𝐼 ′(𝑥′, 𝑦′, 𝑧′) and 
𝜙𝑥𝑦.

Subsequently, the temporal broadening is considered. The laser spot 
size, the detection FoV, the pulse width of the laser, and the time reso
lution of the detector, etc., can lead to uncertainty between the actual 
generation time of the signal and the ideal response time. This over
all temporal broadening is denoted as 𝜎𝑡, which can be determined by 
the half-width at half-maximum of the first echo [14,6,36]. The signal 
𝐼 ′
𝑡𝑖𝑚𝑒

can be expressed as the convolution of 𝐼 ′(𝑥′, 𝑦′, 𝑧′) and 𝜙𝑡 along 
time-axis, where 𝜙𝑡 = 𝑒𝑥𝑝(− (𝑡′)2

2𝜎2𝑡
).

Considering the temporal and spatial broadening, the complete 
transmission model of light can be expressed as:

𝜏′ = 𝜙 ∗ 𝐼 ′, (5)

where 𝜙 is a shift-invariant three-dimensional blur kernel, 𝜙 = 𝜙𝑥𝑦 ⋅𝜙𝑡, 
and ∗ denotes convolution. 𝐼 ′ represents the free-space light transmis
sion model without considering signal broadening, which can be ex
pressed using models from methods such as LCT or FBP. For example, 
when using the LCT model, 𝑅𝑡{𝐼 ′} = ℎ ∗ 𝑅𝑧{𝜌}. Where ℎ is a shift
invariant three-dimensional convolution kernel, 𝜌 represents the albedo 
of the hidden object, the transform 𝑅𝑧 nonuniformly resamples and at
tenuates the elements of volume 𝜌 along the 𝑧 axis, and the transform 
𝑅𝑡 nonuniformly resamples and attenuates 𝐼 ′ along the time axis [14].

In practical applications, it is necessary to establish a discrete imag
ing model. For a detection point of the array detector on the relay wall 
(i.e., 𝑛𝑥 = 1 and 𝑛𝑦 = 1), the detector can receive signals from the object 
region Ω𝑥𝑦, 𝝉′ ∈ℝ𝑛𝑥𝑛𝑦𝑛𝑡

+ and 𝑰 ′ ∈ℝ𝑛𝑥𝑛𝑦𝑛𝑡
+ can be expressed as:

(𝝉 ′)𝑗 =∬
Ω𝑥𝑦

𝑡𝑗

∫
𝑡𝑗−1

𝜏′(𝑥′, 𝑦′, 𝑡′)𝑑𝑡′𝑑𝑥′𝑑𝑦′, (6)

(𝑰 ′)𝑗 =∬
Ω𝑥𝑦

𝑡𝑗

∫
𝑡𝑗−1

𝐼 ′(𝑥′, 𝑦′, 𝑡′)𝑑𝑡′𝑑𝑥′𝑑𝑦′, (7)

where 1 ≤ 𝑗 ≤ 𝑛𝑡, 𝝉 ′ and 𝑰 ′ are in vector form. Here, the transient image 
is defined over the time value range [𝑎, 𝑏] ⊂ (0,∞), which is uniformly 
discretized into 𝑛𝑡 equal spaces.

From the LCT model, the discrete free-space propagation operator 
can be expressed as 𝑰 ′ =𝑹−1

𝑡 𝑯𝑹𝑧𝝆 =𝑨𝝆, where matrix 𝑯 is the shift

invariant three-dimensional convolution operation, 𝝆 ∈ ℝ𝑛𝑥𝑛𝑦𝑛𝑧
+ repre

sents the vectorized volume of the albedo of the hidden object, and 
𝑨 =𝑹−1

𝑡 𝑯𝑹𝑧 is the light transport matrix [14]. The complete discrete 
imaging model can be expressed as:

𝝉 ′ =𝚽𝑰 ′ =𝚽𝑨𝝆, (8)

where the matrix 𝚽 ∈ℝ𝑛𝑥𝑛𝑦𝑛𝑡×𝑛𝑥𝑛𝑦𝑛𝑡
+ represents the shift-invariant three

dimensional convolution operation (i.e., a convolution with a dis
cretized version of the kernel 𝜙) [14]. Computational efficiency is 
largely achieved using the convolution theorem to compute matrix
vector multiplications with 𝚽 as element-wise multiplications in the 
Fourier domain.

We assume that the noise model associated with the discrete model 
in Equation (8) satisfies:

𝝉̃ ′ =𝚽𝑨𝝆+ 𝜼 =𝚽𝑰 ′ + 𝜼, (9)

where 𝜼 represents white noise. According to the Wiener deconvolution 
filter [40], the solution 𝑰 ′

∗ with minimum mean square error can be 
expressed as [4]:
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𝑰 ′
∗ = 𝑭 −1[ 1 

𝚽̂
⋅

|𝚽̂|2
|𝚽̂|2 + 1 

𝛼

]𝑭 𝝉̃ ′ = 𝑭 −1[ 𝚽̂∗

|𝚽̂|2 + 1 
𝛼

]𝑭 𝝉̃ ′, (10)

where 𝑭 is the discrete Fourier transform matrix, 𝚽̂ is a diagonal 
matrix containing the Fourier transform of the shift-invariant three
dimensional convolution kernel, 𝚽̂∗ represents the complex conjugate 
of 𝚽̂, and 𝛼 is a parameter that varies depending on the SNR at each 
frequency.

Extending Equation (10) yields the closed-form solution for NLOS 
imaging [4]:

𝝆∗ =𝑨−1𝑰 ′
∗ =𝑨−1𝑭 −1[ 𝚽̂∗

|𝚽̂|2 + 1 
𝛼

]𝑭 𝝉̃ ′, (11)

where 𝝆∗ is the estimated volume of the albedos of the hidden object.

2.2. Resampling method

Compared to scanning-based systems, our system uses an array de
tector instead of the scanning process, offering advantages in acquisition 
speed but inevitably introducing two new issues. First, to ensure the 
detection area, lens is used to focus the detection surface of the array 
detector onto the relay wall, which also expands the FoV for each pixel 
point of the detector. In Section 2.1, we consider the impact of the FoV 
of the detection points on imaging and incorporate the temporal and 
spatial broadening into the modeling process, thereby mitigating its ef
fect on imaging. In addition, in scan-free scenarios, the number of pixels 
in the array detector is equivalent to the number of detection points, 
which affects resolution. If the number of detection points is 𝑁 ×𝑁 , 
the resolution of the reconstructed object scene will be 𝑁 ×𝑁 [27,33]. 
With a fixed number of detection points, a larger detection area results 
in greater spacing between detection points. If this spacing exceeds the 
theoretical resolution, the resolution will decrease.

To achieve high-resolution imaging of hidden objects, in addition to 
considering the influence of the detection FoV on imaging, it is also nec
essary to consider the influence of a limited number of detection points 
on imaging resolution. To address this issue, based on the spatial cor
relation of the information collected from adjacent detection regions, 
the algorithm resampling is used to achieve fine sampling. The resam
pling method can obtain ToF data with higher spatial resolution, which 
can overcome some inherent spatial resolution limitations of the scan
free imaging systems [41--43]. Then the high-resolution reconstruction 
results of the hidden scenes can be obtained based on reconstruction 
algorithms.

As shown in Fig. 1(a), after the light undergoes diffuse reflection 
at the relay wall and illuminates the entire hidden object scene, the 
SPAD array records the ToF information of photons that are diffusely 
reflected from the object surface to each independent detection area on 
the relay wall. Most transient-based NLOS imaging methods have em
ployed the accumulated data from the photon event histogram method 
for reconstruction in NLOS imaging, which requires multiple repeated 
acquisitions [18]. If the repeated acquisition times is too low, the time 
response signals collected will be insufficient, making it difficult for the 
final histogram obtained by statistics to fully reflect the structural in
formation and position of the hidden objects. After repeated acquisition 
of 𝐾 times, the accumulated photon ToF data is plotted as a histogram, 
and the data from different detection points are aggregated to obtain a 
three-dimensional spatial-temporal measurement result 𝑌 ∈ ℝ𝑀×𝑀×𝑇

with 𝑀 ×𝑀 pixel size and 𝑇 time bins.
As shown in Fig. 1(d), by observing the two-dimensional transient 

images under different time bins, it can be seen that adjacent regions 
exhibit similar characteristics, indicating a certain degree of spatial cor
relation between adjacent detection regions [44,45,25]. As shown in 
Fig. 1(e), when the three-dimensional transient image is expanded ac
cording to the position of the detection regions, the correlation between 
adjacent regions becomes evident as well. Considering the spatial corre
lation between adjacent detection regions, neighboring pixels typically 

share similar time-offlight information. By reorganizing the data and 
adding new virtual detection regions between the existing detection 
regions, data with higher spatial resolution can be obtained. The vir
tual detection region partial overlaps with the existing two adjacent 
detection regions, and the overlap ratio of different virtual regions to 
the existing two adjacent detection regions is different. Based on this 
property, this paper proposes a method called spatial-correlation-based 
resampling (SCBR) method. By utilizing the spatial correlation between 
adjacent regions and the overlapping nature of the detection regions, 
the ToF information of the virtual detection regions is obtained from 
the low-resolution ToF data collected. This enables fine acquisition and 
further allows for the combination of data to obtain higher spatial reso
lution ToF information.

Assuming that the repeated acquisition times is 𝐾 , first, the spatial
temporal measurement results obtained from the 𝑀 detection regions 
in the first row are converted into one-dimensional data 𝑌𝑥1 accord
ing to their positions. Considering the spatial correlation between ad
jacent detection regions, the original 𝑀 detection regions are trans
formed into 𝑀𝑐𝑐𝑦 virtual detection regions, with each virtual detection 
region having 𝐾𝑐𝑐𝑦 repeated acquisition times and a moving step Δ𝑘
(where Δ𝑘 = 𝑀×𝐾−𝐾𝑐𝑐𝑦

𝑀𝑐𝑐𝑦−1 ). Then, this operation is repeated for the data 
from the second to the 𝑀 -th rows, and the data are converted into 
three-dimensional data 𝑌𝑥,𝑐𝑐𝑦 ∈ℝ𝑀𝑐𝑐𝑦×𝑀×𝐾𝑐𝑐𝑦 according to the positions 
and repeated acquisition times of the virtual detection points, thereby 
achieving the resampling of the data along the 𝑥-axis. Subsequently, 
the 𝑦-axis is resampled. The spatial-temporal measurement results ob
tained from the 𝑀 detection regions in the first column are converted to 
one-dimensional data 𝑌𝑦1 according to their positions. Then, the same 
operation used for the 𝑥-axis is applied to convert the original 𝑀 detec
tion regions into 𝑀𝑐𝑐𝑦 virtual detection regions and apply them to each 
column. Finally, the resulting data are converted into three-dimensional 
data 𝑌𝑐𝑐𝑦 ∈ ℝ𝑀𝑐𝑐𝑦×𝑀𝑐𝑐𝑦×𝐾𝑐𝑐𝑦 , and the overall resampling process of the 
data is completed.

The spatial resolution of the resampled data is largely determined 
by the moving step size Δ𝑘. The smaller the Δ𝑘, the more virtual de
tection regions are obtained through resampling, resulting in higher 
final data spatial resolution. In the proposed scan-free imaging system, 
the required number of sampling points is several times the number of 
non-zero elements of the object [46]. When the sample quantity is in
sufficient, increasing the number of samplings significantly improves 
reconstruction performance. However, when the sampling quantity is 
sufficient, further increments in sampling number will lead to increased 
data processing and reconstruction time, with only marginal improve
ments in reconstruction quality. Therefore, it is necessary to consider 
the step size setting comprehensively. Additionally, the setting of the re
peated acquisition times 𝐾𝑐𝑐𝑦 for each virtual detection area should also 
consider the echo intensity of the object area. If the distance between 
the object and the relay wall is far, the low repeated acquisition times 
𝐾𝑐𝑐𝑦 will result in insufficient accumulation of echo photons, thereby 
affecting the SNR and image quality of the data.

2.3. Three-dimensional reconstruction algorithm

Using the SCBR algorithm, we can obtain a three-dimensional ma
trix 𝑌𝑐𝑐𝑦 with high spatial resolution, which subsequently leads to higher 
resolution reconstruction results. The overall workflow of the proposed 
SCBSF-NLOS method is illustrated in Fig. 2. Since the time-correlated 
single-photon counting of different pixels of the array detector used op
erates independently, it is necessary to first apply a preprocessing step 
to synchronize the time bins of each detection region. Subsequently, the 
data is resampled using the SCBR method to obtain data with higher 
spatial resolution. Then, based on the non-confocal ToF imaging model, 
the NCT algorithm is used to convert non-confocal data into confocal 
data. Finally, leveraging the modeling with the blur kernel and the 
non-confocal scan-free imaging model, the Wiener deconvolution filter 
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Fig. 2. The overall workflow of the SCBSF-NLOS method (a) The NLOS imaging system. (b) Data resampling process. (c) The equivalent virtual detection array on 
the relay wall after data resampling. (d) The histogram of the time response at one virtual detection point on the relay wall. (e) The time-frequency analysis result 
of the signal shown in Fig. 2(d) using short-time Fourier transform. (f) The imaging results of the dynamic scene shown in Fig. 2(a).

and the free-space propagation solver based on LCT are utilized for ob
ject reconstruction. Considering pixel crosstalk and noise interference, 
short-time Fourier transform is employed for time-frequency analysis. 
The first and secondary echo signal information is relatively rapid, and 
the main components of its Fourier spectrum are concentrated in the 
high-frequency region. The noise distribution is relatively uniform, and 
its main spectral components are concentrated in the low-frequency re
gion. We perform filtering in the frequency domain to remove some of 
the low-frequency noise, thereby facilitating a better extraction of the 
object information. Then, we perform postprocessing such as grayscale 
stretching and obtain the three-dimensional recovery results of the ob
ject.

3. Experimental results and analysis

3.1. Experimental configuration

To experimentally validate the performance of the SCBSF-NLOS 
method, we established a non-confocal scan-free NLOS imaging system, 
the experimental setup is shown in Fig. 3. The imaging system con
sists of a laser, an array detector, a lens, and a narrowband filter. The 
high-power pulsed laser (BLAZER-GR10) emits a collimated linearly po
larized beam at a wavelength of 532 nm with a repetition frequency of 
20MHz, and the laser power is adjustable with a maximum of 8W. The 
polarized light is incident on the relay wall, and after one scattering, 
it illuminates the hidden scene. Subsequently, the hidden object in the 
scene scatters the light back to the relay wall. The standard transistor
transistor logic signal from the laser output can serve as the trigger signal 
for the array detector (Photon Force PF32-USBC-MLA-500k). The array 
detector focuses on the relay wall with a 6mm lens (CHIOPT-FA0615A) 
or a zoom lens ranging from 1.8mm to 3.6mm (Edmund #55-254). The 
FoV is 60 cm×60 cm or 120 cm×120 cm, respectively, enabling the col
lection of ToF data containing object information. A narrowband filter 

(Thorlabs FLH532-4) is placed in front of the lens to remove most of the 
ambient light. The time-correlated single-photon counting of different 
pixels in the array detector is operated independently. The micro-lens 
array is added inside the detector to improve the effective detection area 
of pixels, thereby improving the acquisition efficiency. The system is po
sitioned 2.1m away from the relay wall, with the object scene hidden 
from the direct line of sight, and the actual power used by the laser is 
1W.

3.2. Verification experiment of the SCBSF-NLOS method

The non-confocal scan-free NLOS imaging system established in the 
paper utilizes a SPAD array to collect data, offering significant advan
tages in data acquisition speed. However, such system configuration is 
subject to issues like pixel crosstalk, limited detection array and con
siderable temporal jitter, which increase the difficulty of imaging and 
impose certain limitations on imaging quality and resolution. The afore
mentioned issues are critical factors affecting the resolution of scan-free 
NLOS imaging scenarios, and we propose the SCBSF-NLOS method for 
these three problems. To verify the imaging performance and advan
tages of the SCBSF-NLOS method, we perform experimental demonstra
tions involving multiple scenarios based on the established non-confocal 
scan-free NLOS imaging system.

As shown in Fig. 4, to verify the imaging capability of the proposed 
method in a scan-free non-confocal scenario, we compared the recon
struction results of our method with those of the filter back-projection 
(FBP) method [47], the array-detector-based scan-free boundary mi
gration (SCBM) method [34], and the LCT method [14]. The hidden 
objects include a single character target ``T'', dual-target, and a man
nequin target. The detection area of the relay wall is 60 cm×60 cm, the 
data is collected with a spatial resolution of 32×32 and a temporal res
olution of 1024, where each temporal bin spans 55 ps. As shown in the 
second to fourth columns of Fig. 4, we present the three-dimensional 
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Fig. 3. Experimental setup of the non-confocal scan-free NLOS imaging system. (a) Hidden object scene. (b) Hardware configuration of the non-confocal imaging 
system. (c) The overall layout of the system.

Fig. 4. Comparison of imaging effects of different methods. 

reconstruction results for the FBP method, the SCBM method, and the 
LCT method, respectively. Since the test scenario is a non-confocal sce
nario, while the LCT method is suitable for confocal scenarios [14], it is 
necessary to first convert the non-confocal data to confocal data using 
the NCT method [34] before applying the LCT algorithm. By modeling 
the forward evolution in the scan-free scenario and considering factors 
such as the detection FoV that lead to temporal and spatial broaden
ing, we propose the SCBSF-NLOS method for hidden object imaging. 
As shown in the fifth and seventh columns of Fig. 4, to verify the effec
tiveness of the resampling method SCBR, we provide comparison results 
with and without the resampling step. Comparing the reconstruction re
sults of these two columns reveals that the resampling step enhances the 
detail imaging capability and resolution, yielding more significant im
provements for complex object imaging. Additionally, we compare the 
super-resolution capabilities of the SCBR method and the nearest neigh
bor interpolation (NNI) method [27,24]. As illustrated in the last two 
columns of Fig. 4, it is evident that the SCBR method exhibits stronger 
capability in restoring details.

By comparing the reconstruction results of different methods in 
Fig. 4, it can be observed that the FBP method and the LCT method ex

hibit significant noise in their reconstruction results, which are blurry 
with a certain degree of structural information loss and distortion. The 
reconstruction performance under scan-free scenarios is thus limited. 
The SCBM method demonstrates good noise resistance and performs 
well in recovering simple hidden scenes. However, the FBP, LCT, and 
SCBM methods all struggle to achieve high-quality reconstruction of 
compact single objects or closely spaced dual-target. In comparison, our 
method can recover the clear structure of hidden objects and reconstruct 
the object with high fidelity.

In scanning-based NLOS system configuration, an increase in the 
scanning range of the relay wall does not induce a change in the tempo
ral resolution of the system. The imaging resolution is related to the total 
scanning area on the relay wall. With the object position unchanged, the 
increase of the scanning area will lead to an improvement in theoreti
cal spatial resolution [14,15]. However, for the scan-free system used 
in this paper, a large detection area is required to capture complete in
formation about the hidden scene. Therefore, a lens is added in front 
of array detectors to magnify and focus the detection FoV onto the re
lay wall, the detection area on the relay wall is determined by the lens’s 
focal length and the distance between the array detector and the re
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Fig. 5. Comparison of imaging effects of different methods under two different 
FoVs.

lay wall. However, the use of lens also expands the FoV of each pixel 
point on the detector, thereby impacting the spatiotemporal informa
tion detected by the system and increasing the system’s temporal jitter. 
Therefore, for scan-free NLOS systems, a larger detection FoV does not 
necessarily equate to higher image quality, the detailed resolution anal
ysis is provided in Section 3.3. The NLOS imaging forward evolution 
model proposed in this paper considers the impact of the FoV of the 
detection points on imaging and incorporates the temporal and spatial 
broadening into the modeling process, which is applicable to scan-free 
NLOS systems with varying detection FoV.

To verify the imaging and resolution capabilities of our method un
der different detection FoV, we tested the imaging performance and 
resolution at a 120 cm×120 cm FoV in addition to the 60 cm×60 cm FoV. 
Fig. 5 illustrates the imaging performance of different methods under 
these two FoVs. An increase in the detection FoV leads to an increase 
in the system’s temporal resolution, with the total temporal jitter being 
220 ps and 385 ps respectively for the two scenarios, which interferes 
with the imaging process. It can be observed that under both detection 
FoVs, the reconstruction results of the FBP, LCT, and SCBM methods 
exhibit significant blurring, making it difficult to recover the fine struc
tures of the objects. If the objects are close to each other, they cannot be 
accurately distinguished. The method proposed in this paper effectively 
mitigates the impact of temporal jitter on imaging by incorporating the 
blur kernel derived from the modeled temporal and spatial broadening 
into the algorithm’s convolution process. As shown in the last column 
of Fig. 5, our method can restore the fine features of hidden objects, 
enabling accurate identification of hidden scenes, and exhibits strong 
object reconstruction capabilities under both detection FoVs.

To more intuitively verify the imaging resolution capability of our 
method, we demonstrate lateral resolution tests under different detec
tion FoVs, the results are shown in Fig. 6. From the first column to 
the eighth column in Fig. 6, the axial positions of the two resolution 
boards are kept consistent, while the lateral spacing between the two 
boards is reduced from 8 cm to 1 cm. When the FoV is 60 cm×60 cm
and 120 cm×120 cm, the object distance from the relay wall is 40 cm
and 50 cm, respectively. Considering the system temporal jitter of 220 ps
and 385 ps for the two scenarios, the theoretical system resolutions are 
respectively calculated to be 5.5 cm and 7.52 cm, and the sampling inter
vals are 1.875 cm and 3.75 cm, both smaller than the theoretical system 
resolution. To facilitate accurate observation of the lateral reconstruc
tion results of the object, we provide the front views of the reconstruc
tion results for the SCBM method, the LCT method and our method 
instead of the three-dimensional image. From the reconstruction results, 

it can be seen that SCBM method and LCT method can basically achieve 
the theoretical system resolution. In comparison, our method incorpo
rates temporal and spatial broadening into the overall modeling and uses 
a resampling algorithm to reduce the sampling interval, thereby improv
ing the system’s imaging resolution. Moreover, since our method does 
not require iterative optimization, it can achieve rapid high-resolution 
imaging of the object.

One significant advantage of the scan-free configuration is the ability 
to rapidly acquire object information, which offers application benefits 
in both dynamic scenarios and autonomous driving fields. We test the 
detection time required to reconstruct a relatively complex scene and 
the subsequent reconstruction time under two different detection FoV, 
and the results are presented in Fig. 7. It can be observed that the re
construction results using the LCT method tend to be somewhat blurry, 
and it is difficult to accurately reconstruct complex scenes with short de
tection time. Our method successfully reconstructed the scene with an 
acquisition time of 0.0036 s, and the acquisition speed reaches 277 fps. 
If the acquisition time exceeds 0.0066 s, the structure of the object can 
be more accurately reconstructed.

Furthermore, we present a practical scenario where the detection 
FoV is 120 cm×120 cm. The acquisition times per frame of data are 
0.0112 s and 0.1023 s respectively. The hidden scene contains three
character targets: ``U'' and ``S'' are stationary, while ``L'' is fixed on a 
displacement stage for directional movement. We collect four states 
in the movement process, and the reconstruction results of the hid
den scenes are shown in Fig. 8. Our custom software is responsible for 
reading data from the hardware, processing and resampling the data, 
performing image reconstruction, and displaying the reconstructed im
ages on the screen. The software runs on the MATLAB platform and 
operates with three parallel threads for computation. The majority of 
the data processing and resampling process utilize matrix calculations, 
with some processes incorporating GPU acceleration. By cyclically col
lecting and reconstructing data 100 times using different methods, we 
obtain the average time for each method, as indicated in the penulti
mate row of Fig. 8. Using the LCT algorithm for reconstruction results 
in relatively blurry images with significant noise. We integrate the LCT 
algorithm into our custom software and utilize multi-threading to accel
erate the computation process. When the repetition time of each frame’s 
data is 1000, the total time for collecting and reconstructing 100 frames 
is 5.07 s, averaging 0.0507 s per frame, which enables real-time imag
ing. Our method can better restore the structure of hidden objects, but 
it also leads to varying degrees of reduction in the imaging speed. With
out the resampling step, when the repetition time of each frame is 1000, 
the total time for collecting and reconstructing 100 frames is 5.68 s, with 
an average of 0.0568 s per frame, achieving an imaging speed of 17 fps, 
which enables real-time imaging, albeit with some loss of object struc
tural details. When the repetition time of each frame is 10000, the total 
time for 100 frames is 27.20 s, with an average of 0.2720 s per frame, al
lowing for highfidelity imaging of the object. If the resampling step is 
employed, the detail information of the object can be further enhanced, 
but this will also increase the overall reconstruction time. For exam
ple, if the spatial resolution of the data is increased to 63×63, and the 
repetition time of each frame is 1000, the total reconstruction time for 
100 frames of data is 19.80 s, with an average of 0.1980 s per frame, 
achieving an imaging rate of 5 fps, which can essentially achieve real
time imaging. In practical applications, one can choose whether to use 
the resampling step based on the complexity of the object scene and 
time constraints. Generally, selecting repeat collection 1000 time and 
increasing the spatial resolution to 63×63 can restore the basic struc
tural information of the object while maintaining real-time imaging.

Our method also reduces the requirement for the number of detector 
pixels. As shown in Fig. 9, by maintaining a constant FoV area on the 
relay wall and performing spatial down-sampling on the acquired data, 
detection pixels are selected at equal intervals in both the horizontal 
and vertical directions on the detector to obtain data with a spatial res
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Fig. 6. Lateral resolution tests under different detection FoVs. 

Fig. 7. The influence of acquisition time on imaging. The number at the top of the reconstruction results is the repetition time during the acquisition. 

olution of 16×16. Different reconstruction algorithms are then applied 
for the recovery of hidden scenes, with the results displayed in Fig. 9. It 
can be observed that FBP, SCBM, and LCT struggle to recover structural 
details of the object and can only perform basic imaging on simple struc
tures. After using the resampling step to increase the spatial resolution 

of the data to 121×121, our method can accurately recover the struc
tural details of the object with different complexity. Consequently, our 
method is applicable to detectors with a pixel array of 16×16, further re
ducing the manufacturing cost and process requirements for detectors. 
We also compared the super-resolution capabilities of the SCBR method 
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Fig. 8. Comparison of imaging speed of different methods. 

Fig. 9. Imaging based on data with spatial resolution of 16×16. 

and the NNI method, as shown in the last two columns of Fig. 9, reveal
ing the advantage of the SCBR method in detail recovery.

3.3. The imaging resolution analysis of the scan-free NLOS system

In practical applications of NLOS imaging, if it is desired to resolve 
two points in the object scene spatially, it is first necessary that their 
indirect signals be temporally resolvable [14]. This means that the dif
ference in arrival times of the two time-resolved signals Δ𝑡 must be 
greater than the full width at half maximum of the system’s overall tem
poral jitter 𝛾 :

Δ𝑡 ≥ 𝛾. (12)

Where

𝛾 = 2
√
2 ln2𝜎𝑡, (13)

𝜎𝑡 is the standard deviation of the overall temporal jitter of the system. 
Therefore, the minimum axial distance Δ𝑧 along the 𝑧-axis needs to 
satisfy:

Δ𝑧 ≥ 𝑐 ⋅Δ𝑡
2 

≥ 𝑐 ⋅
√
2 ln2𝜎𝑡. (14)

If the lateral resolution Δ𝑥 is much less than the overall detection 
area 2𝑤 × 2𝑤 on the relay wall, then:

𝑐 ⋅Δ𝑡
2 

≈Δ𝑥 cos (𝜃) ≈ Δ𝑥 cos (tan−1( 𝑧 
𝑤
)) = Δ𝑥 ⋅𝑤 √

𝑤2 + 𝑧2
. (15)
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The range of Δ𝑥 can be determined by referring to Equation (12):

Δ𝑥 ≥ 𝑐 ⋅
√
𝑤2 + 𝑧2

𝑤 
⋅
√
2 ln2𝜎𝑡. (16)

Therefore, in a scan-free NLOS imaging system, the theoretical spa
tial resolution of the system is influenced by the system’s temporal jitter, 
the overall detection area of 2𝑤 × 2𝑤, and the distance 𝑧 between the 
hidden object and the relay wall. The smaller the system’s time jitter 
and the closer the object is to the relay wall, the smaller the value of 
Δ𝑥.

However, in the scan-free system configuration, the spatial resolu
tion of the imaging is not completely positively correlated with the 
detection area. In the case that the position of the system and the re
lay wall remains unchanged, to increase the detection FoV on the relay 
wall, it is necessary to replace the lens with a smaller focal length, which 
will also expand the FoV of individual pixels. In practical scenarios, the 
FoV range of the detection points can affect the spatiotemporal infor
mation captured by the detector. An increased FoV will also lead to an 
increase in system time jitter, resulting in some blurring in the object 
reconstruction results [6].

Additionally, during actual data collection, the number of samples 
will affect the lateral resolution. For NLOS imaging based on an array 
detector, if the detector has a pixel count of N×N, then the spatial res
olution of the reconstructed object scene will also be N×N [27,33,34]. 
To achieve theoretical resolution in practical reconstruction and avoid 
aliasing, the spacing between detection positions on the wall should be 
less than Δ𝑥 [15]. In scan-free NLOS imaging systems, the pixel count 
of the array detector determines the number of detection points. With 
a fixed number of detection points, a larger detection area results in 
greater spacing between them. If the detection spacing exceeds the the
oretical resolution, the actual resolution will decrease.

4. Discussion

According to the theoretical analysis and experimental demonstra
tion, several discussions are clarified as follows:

(i) To achieve rapid NLOS imaging, this paper employs a scan-free 
configuration to achieve data acquisition. However, such a system con
figuration is subject to limitations including a limited detection array, 
significant temporal jitter, and pixel crosstalk, which impose certain 
constraints on image quality and resolution. This paper proposes the 
data resampling method SCBR, which leverages the spatial correlation 
of information in adjacent detection regions to overcome device limita
tions and obtain high-resolution data. Considering the impact of signal 
temporal and spatial broadening, by incorporating the blur kernel de
rived from the modeled temporal and spatial broadening into the algo
rithm’s convolution process, the effect of temporal jitter on imaging can 
be effectively mitigated, thereby restoring the fine features of hidden 
objects. Considering pixel crosstalk and noise interference, frequency
domain filtering based on time-frequency analysis can be used to remove 
some low-frequency noise, thus better extracting object information.

(ii) We develop a non-confocal scan-free imaging system to vali
date the effectiveness of the proposed method. The experimental results 
demonstrate that our method can achieve the reconstruction of hidden 
scenes with a detection time of only 0.0036 s. Compared to the SCBM 
method, our approach represents a breakthrough in both probing time 
and scene complexity. The background stability afforded by rapid acqui
sition enables our method to be suitable for dynamic scenes, allowing 
for high-resolution NLOS imaging of dynamic NLOS scenarios, with an 
imaging speed of 5 fps.

(iii) For scan-free NLOS systems, a larger detection field of view does 
not necessarily equate to higher imaging quality. An increased detec
tion FoV not only enlarges the sampled area but also expands the FoV 
for each pixel on the detector, thereby affecting the temporal and spa
tial information detected. The NLOS imaging forward evolution model 
proposed in this paper considers the impact of the FoV of the detection 

points on imaging and incorporates the temporal and spatial broadening 
into the modeling process, which is applicable to scan-free NLOS systems 
with varying detection FoV. Additionally, the resampling step enhances 
the spatial resolution of the data, allowing the proposed method to be 
applicable to detectors with a pixel array of 16×16, further reducing the 
manufacturing cost and process requirements for the detectors.

5. Conclusion

Real-time imaging capability has always been crucial for the prac
ticality of NLOS imaging. This paper employs a scan-free configura
tion to achieve rapid data acquisition, with a maximum acquisition 
rate of up to 277 fps. To address issues inherent in scan-free system 
configurations, such as limited detection arrays, significant time jitter, 
and pixel crosstalk, a spatial-correlation-based scan-free NLOS imag
ing method called SCBSF-NLOS is proposed. This method improves the 
lateral resolution to 2 cm and facilitates the reconstruction of more com
plex dynamic scenes. Without the resampling step, the imaging speed of 
this method reaches 17 fps, allowing for real-time imaging of complex 
scenes. By incorporating the resampling step, the imaging details can be 
further improved, achieving high-resolution reconstructions of dynamic 
NLOS scenes at 5 fps, which holds significant value for various practical 
applications.
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