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Abstract

High quality and high speed videography using Non-Line-
of-Sight (NLOS) imaging benefit autonomous navigation,
collision prevention, and post-disaster search and rescue
tasks. Current solutions have to balance between the frame
rate and image quality. High frame rates, for example, can
be achieved by reducing either per-point scanning time or
scanning density, but at the cost of lowering the informa-
tion density at individual frames. Fast scanning process fur-
ther reduces the signal-to-noise ratio and different scanning
systems exhibit different distortion characteristics. In this
work, we design and employ a new Transient Transformer
architecture called TransiT to achieve real-time NLOS re-
covery under fast scans. TransiT directly compresses the
temporal dimension of input transients to extract features,
reducing computation costs and meeting high frame rate
requirements. It further adopts a feature fusion mecha-
nism as well as employs a spatial-temporal Transformer
to help capture features of NLOS transient videos. More-
over, TransiT applies transfer learning to bridge the gap
between synthetic and real-measured data. In real exper-
iments, TransiT manages to reconstruct from sparse tran-
sients of 16 x 16 measured at an exposure time of 0.4 ms per
point to NLOS videos at a 64 x 64 resolution at 10 frames
per second. Our code, demo, and dataset are available at
https://wangzhl.github.io/TransiT/.

1. Introduction

Human and machine vision capture dynamic information
from the surrounding environment and interpret these vari-
ations to avoid hazards and make timely decisions. How-
ever, a moving object does not necessarily lie within the
line-of-sight (LOS), e.g., a pedestrian at corners may be oc-
cluded by obstacles. The capabilities to detect and recog-
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nize hidden moving targets in scenarios as such are crucial
in domain specific applications, ranging from robotics and
autonomous driving to post-disaster rescue efforts.

We observe that hidden targets can potentially be cap-
tured using a classic non-line-of-sight (NLOS) setup, where
an intermediate surface, either naturally existing or inten-
tionally placed, serves as a relay wall [9, 10]. Fig. I il-
lustrates a typical NLOS scenario under a confocal setting,
which simplifies the classic setup from a five-dimensional
(5D) configuration into 3D [27]. After a laser beam illu-
minates a point on the relay wall, a portion of the photons
bounce off and scatter in a spherical wavefront onto a hid-
den object. A single-photon detector then records a tran-
sient, including the number of photons that arrive back at
the same point over a specific time interval. Although this
scheme is originally designed to recover static objects, it
can be extended to reconstruct dynamic scenes by apply-
ing frame-by-frame methods. Lindell et al. [17] pioneer the
reconstruction of NLOS videos at a resolution of 32 x 32
whereas Liu et al. [19] and their follow-up work [26] use a
higher resolution scan of 181 x 131. These methods require
a high sampling rate to ensure high resolution results, which
significantly reduces the frame per second (FPS), leading to
artifacts such as motion blur and discontinuity.

SPAD arrays allow multiple-pixel detection in a single
shot and can improve the FPS; however, they face issues
such as crosstalk, as well as high computation and memory
costs [26, 29, 42]. Alternatively, several attempts aim to re-
duce per point scanning time by using a single-pixel SPAD-
based setup [5, 24, 28]. Lindell et al. [17] raster scan a
uniform grid of 64 x 64 at 2 FPS on a full relay wall of 2
m X 2 m. Isogawa et al. [14] enhance the FPS by adopting
a circular scanning strategy within a small scanning range.
Ye et al. [39] exploit transients of 16 x 16 and recover an
NLOS video at 4 FPS by reducing the sampling density and
incorporating plug-and-play (PnP) regularization and com-
pressed sensing priors. To improve spatial resolution, re-
cent works resort to learning-based approaches [16, 33] to
upsample transients from 8 x 8 and 16 x 16 to 32 x 32. They
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Figure 1. NLOS videography. An NLOS imaging system captures transients of a moving hidden object (e.g., a walking person) via a
relay surface. TransiT is capable of reconstructing a high quality NLOS video of the person at 10 FPS using fast and sparse scanning.

are designed primarily for static NLOS reconstruction, and
shows limited performance in dynamic scenarios.

We observe that videos captured by an NLOS system in
the end are still videos. Recent video Transformers have
demonstrated strong capabilities in understanding video
contents and conducting feature extractions [3,4, 8, 12,22,
34]. Yet, unlike traditional videos, NLOS videos capture
the transients of light that do not readily represent mean-
ingful contents. In this paper, we aim to achieve NLOS
videography by reconstructing dynamic frames with an ini-
tial scanning resolution of 16 x 16. We propose a Transient
Transformer technique called TransiT to achieve real-time
NLOS recovery under fast scans. Prior methods upsam-
ple sparse transients into virtual dense measurements for
high resolution reconstruction [16, 33]. In contrast, Tran-
siT directly compresses the temporal dimension of input
transients to extract features, reducing computation costs
and meeting high FPS requirements. However, this scheme
introduces an issue for recovering fine details from sparse
spatial-temporal signals. Therefore, TransiT designs a fea-
ture fusion mechanism to combine each frame with the fea-
tures learned from the previous frame and then employs
spatial-temporal attention via a Transformer to help capture
the spatial-temporal features of NLOS transient videos.

To deploy our solution to real systems, we observe
NLOS transients measured from a SPAD-based NLOS
imaging system are also influenced by the image process-
ing pipeline and hardware specifications, e.g., the laser, the
galvanometer, and other devices. As a result, the measure-
ments are often convolved with complex and heavy distor-
tions, in particular in per point fast scanning. We thus for-
mulate a new distortion model and construct a large-scale
synthetic dataset of dynamic NLOS scenes. We select a va-
riety of over 2K motion sequences from a public dataset [1]
as well as include different motion styles, such as transla-
tion, rotation, body movements, etc. Our synthetic dataset
contains nearly 200k frames of dynamic NLOS scenes. To
bridge the gap between real and synthetic data, it is essen-

tial to align the features from both datasets. We design a
maximum mean discrepancy (MMD)-based transfer learn-
ing method to fine-tune TransiT on real measurements, fur-
ther enhancing its performance. To validate our technique,
we conduct extensive experiments on both synthetic and
real-measured datasets. The results demonstrate that Tran-
siT enables us to achieve high quality NLOS videography,
converting fast-scan frames at a raw spatial resolution of 16
x 16 to 64 x 64 at 10 FPS.

2. Related Work

Pioneered by the seminar works [11, 15, 32], time-resolved
NLOS imaging has achieved remarkable progress. Back-
projection (BP) based algorithms, such as filtered BP [5, 32]
and fast BP [2], project each transient onto voxels of an
NLOS scene and solve the inverse problem based on the
ellipsoidal forward model. O’toole et al. [27] present the
confocal setting to simplify the forward model from 5D
into 3D and the light-cone transform (LCT) algorithm to
solve the inverse problem as a 3D deconvolution process
for fast reconstruction. The confocal setting and LCT
become standard solution for NLOS imaging and bene-
fit recent NLOS research [14, 16, 25, 30, 38, 43]. Be-
cause the signals detected are weak and are convolved into
heavy noise of NLOS imaging system and process, the
majority of approaches, including optimization-based [13,
31], wave-based [17-19], Fermat flow [38], and learning-
based [6, 7, 30, 44], require dense transient measurements
as input to reconstruct high resolution images of an NLOS
scene. By treating each frame of a moving hidden object as
static, these approaches are capable of recovering a com-
plete NLOS video frame by frame [17, 26]. This video
may be reconstructed in a low frame rate and without re-
lated information between adjacent frames, resulting in ar-
tifacts, such as motion blur and discontinuity. From either
dense or sparse measurements, our framework enables us to
learn related information of moving objects from neighbor-
ing frames and reconstruct spatial details of a single frame
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and alleviate motion blur in NLOS videos.

For dynamic NLOS imaging, many attempts aim to ac-
celerate transient measurement. Streak cameras can scan a
line of area on the relay wall by a single shot with short ex-
posure time [36, 37], but they are expensive for most prac-
tical applications. Owing to good balance in sensitivity and
cost, SPAD cameras are the tool of choice to simultaneously
record transients of multiple pixels [26, 29, 45]. However,
SPAD cameras are currently under development and only
support non-confocal configuration and limited pixels. Al-
ternatively, single SPAD-based NLOS imaging systems can
raster scan the relay wall in arbitrary sampling numbers and
patterns [14, 17, 28]. For fast measurement, many works
reduce scanning density [39], per-point exposure time [17],
or scanning area [14]. Recently, Ye et al. [41] reach 4 FPS
for complex dynamic real-life scenes. Through a keyhole,
Metzler et al. [24] acquire transients of a moving object
from a single light path and estimate the trajectory of the
object. We exploit a tailored scanning strategy to reduce
per point capture time and scanning density and achieve ap-
proximately 102 ms per frame of 16 x 16.

From sparse transients measured in per point scan-
ning, recent optimization-based [20, 21, 40] and learning-
based [16, 33] approaches attempt to reconstruct high res-
olution images of hidden objects. Using a superresolution
network, Wang et al. [33] recover dense virtual measure-
ments from sparse input and exploit existing algorithms for
fast reconstruction. Their technique is potentially able to
recover an NLOS video frame by frame. Ye et al. [39] re-
construct NLOS videos of moving hidden objects and fil-
ter image and motion blurring effects as noise. In contrast
to these methods, we train TransiT on a large-scale syn-
thetic dataset, which composes a variety of dynamic NLOS
scenes, and leverage relevant information of diverse moving
hidden objects for high quality NLOS videography.

3. Distortion Model Under Fast Scanning

To achieve NLOS videography at 10 FPS, we use a con-
focal imaging system [27] and scan a 16 x 16 grid on the
relay wall by employing a serpentine scanning pattern, with
approximately 0.4 ms scanning time per point.

Following the forward model [27], ideal transients
7(Xn, t) in Fig. 2(a) can be formulated as:

o) = 7z [ [ 6082z =) = t0)ax. (1)

where (2 represents the NLOS space and p the albedo of
the hidden scene at any point x = (z, y, z). The Dirac delta
function & converts the distance to time t = 2||X,, — x||/c
from the illumination point to the hidden scene and back to
the detection point, with c the speed of light.
Ideally, we assume that the laser beam moves instantly
from point to point inside the scanning grid and can neglect

Simulated Distortion

Distorted

Figure 2. Distortion model under fast scanning. (a) System con-
figuration for distortions under fast scanning. Due to the limited
galvanometer’s speed, illumination and detection scan on the relay
wall in a linear form rather than at a single point. (b) Images re-
constructed using f-k [17] from three different transients as input.
Dense: 64 x 64 grid generated by applying our distortion model
with 2 ms per point, distortion-free. Distorted: 16 x 16 grid real-
measured with 0.4 ms per point. Simulated Distortion: 16 x 16
grid picked up from the Dense.

the time of its movement between scanning points. How-
ever, the direction of the laser beam is guided by a scan-
ning galvanometer system, which has a minimum response
time of ~0.4 ms from when it receives a signal to when it
completes the movement. In contrast to the ideal per-point
scanning, this response time creates a continuous scanning
path. Ideal transients 7(X,,, t) recorded under fast scanning
are therefore an integral of photon events illuminated along
the path between adjacent points. Denote X' as the point
on the wall located at x,, being shifted a distance m towards
the previous scanning point, we have:

I U
T(Xn,t) - ||SH /ST(xnvt) d57 (2)

where S = X,, —X,,_1 represents the one-dimensional path

between adjacent scanning points, ”—}g” the normalization
term. We assume ||S|| # 0, otherwise 7(X,,t) = 7(Xp, t).
The serpentine scanning pattern restricts adjacent points to
change along either Z- or -axis on the relay wall, allowing
us to simplify this path integral to a single dimension.

Real measurement records two additional photon prop-
agation paths compared to the ideal transients in Eq. I:
One from the laser to the relay wall and one from the re-
lay wall to the detector. Treating the laser and detector
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Figure 3. Pipeline of TransiT. TransiT is a Transformer-based architecture with the transients of current and previous frames as input.
Transient compression extracts features by compressing the input transients along the temporal axis. Feature fusion combines the current
frame’s features with the difference between the current and previous frame features. ViT blocks with spatial-temporal attention then
process the fused features. Followed by a linear layer, TransiT outputs a high resolution reconstruction.

as being at the same location o = (2o, Yo, 2o), defining

d™ = ||x™ — o| and d,, = d2, the real measurement is:
1 2d

(X, t) = —5 - Xn,t — —2 ). 3

o) dﬁT(X c> ©

where 1/d,,? is the attenuation from diffuse reflection af-

ter photons arrive at the detection point. Combining Eq. 2
and Eq. 3, the real measurement under fast-scan scenario
7+ (X, t) can be derived as:

e o L BN (e g 20dn —dy)
T*(Xnyt) - ||SH /S (a) * Tx (X'n7t+ c ) d57
(C))

where X§ represents a specific point on the path between

x,, and x,,_;, while d is the directed line between x5 and
the detector. We need to convert the real measurement to a
scanning grid, Eq. 4 thus reveals the distortion introduced
by the mismatching between the focal point and the scan-
ning grid. Rewriting Eq. 4 using Eq. 3, the distortion in
ideal transients with real measurement error becomes:

PN dn\* (o . 2(dy —d3)
T(Xn,t) = W/S (a) - T (Xn,t+ c ) ds.
(%)

This integral can then be discretized to:

- ~ 1 < dn : SiAs 2(dn _ d:‘LAS)
T(Xp, t) = W; (@) T (xn ’t+7c )As,

(6)
where M and As represents the number of sampled points
and distance between two adjacent scanning points (see
Supplementary Materials for detailed derivations). Fig. 2
(b) shows the images reconstructed from distortion-free,
real-world and simulated distorted data.

Egs. 5 and 6 show the distortion model mapping from
per-point scanned dense ideal transients to fast-scan sparse
ideal transients. However, the inverse problem in this con-
text is difficult to solve mathematically, i.e., we cannot
recover undistorted transients from distorted. Therefore,
when training TransiT, we generate synthetic data with high
spatial resolution (e.g., 64 x 64) and intentionally introduce
fast-scan distortions by applying Eq. 5, allowing TransiT to
reconstruct the hidden scene from distorted data.

4. TransiT Architecture

Our TransiT tackles the challenges of high frame rate NLOS
video reconstruction of dynamic scenes. The core innova-
tion of TransiT lies in its ability to utilize the generative
capabilities inherent in Transformer, enabling the recovery
of NLOS video from low-resolution data with fast-scan dis-
tortion. Fig. 3 shows the overall pipeline of TransiT.

Transients compression. A crucial challenge in high
frame rate NLOS Video reconstruction is balancing the
need for high temporal resolution while preserving enough
spatial detail for effective reconstruction. Unlike previous
methods that rely on upsampling techniques to increase the
resolution of input transients, our approach directly com-
presses the input transients using a linear layer to extract
transients feature F. Specifically, we compress the tempo-
ral axis of the input transients (represented as histograms)
into a lower-dimensional feature space, significantly reduc-
ing the input complexity. Despite the original NLOS his-
tograms spanning hundreds or even thousands of time bins,
experiments demonstrate that compressing them into a 32-
dimensional feature vector does not degrade performance.
Intuitively, in dynamic and rapidly scanned NLOS scenes,
the most valuable information from each histogram is often
concentrated in one or a few peak positions and amplitudes.

Feature fusion. Another challenge in NLOS video re-
construction arises from the difficulty in capturing fine de-
tails of dynamic scenes from sparse data. To address this,
we introduce a feature fusion technique that emphasizes
temporal differences between consecutive frames, high-
lighting critical dynamic changes in the scene [35]. Specif-
ically, we compute the difference between the features of
the current frame transients J; and the previous frame F;_;
and concatenate it with the current frame’s features:

Fruse = concat(Fy, Fy — Fr—1). @)

This fused feature F,s. combines both the current state of
the scene and the observed temporal changes, providing a
richer representation for reconstruction.

Transformer with spatiotemporal attention. To model
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the complex spatiotemporal dependencies in an NLOS
video, we utilize Vision Transformer (ViT) blocks with spa-
tial and temporal positional encodings. The spatial posi-
tional encoding PE*P2*% is two-dimensional, represent-
ing the = and y coordinates of the sampling points. Tem-
poral positional encoding PE'™¢, on the other hand, is
one-dimensional distinct frames of the transients sequence.
Spatial and temporal positional encodings are combined via
element-wise summation and subsequently applied to the
fused feature Fy,s.. The resulting encoded feature is then
passed through the Transformer blocks B with a simple lin-
ear layer to generate the final image I of current frame:

I = B(Fjuse + PEP + PEY™). (8)

Training. We use a two-stage training approach to op-
timize the model. In the first stage, we minimize the mean
squared error (MSE) between the ground truth image Igr
and the predicted images from the network:

Eimaging = ||IGT - I”2 . )

A key challenge in NLOS video reconstruction is the
distribution gap between synthetic and real-measured data,
as system responses and noise levels vary across hardware
platforms, and external factors can distort the data. To ad-
dress this, we propose a second training stage that employs
Maximum Mean Discrepancy (MMD) Loss which is used
in transfer learning to measure the discrepancy between the
distributions of synthetic and real-measured data. Specifi-
cally, we extract fused features from both synthetic and real-

measured data to calculate the MMD loss between them:

2
n

1 : 1 & :
Lymp = -~ Z¢( real) — - Z¢(}—§yn) , (10)
i=1 j=1
where n and m represent the number of feature samples
extracted from the real-measured and synthetic datasets, re-
spectively. ¢(-) is the feature map corresponding to a Gaus-
sian kernel. The total training loss for stage two combines
MMD loss with image reconstruction loss:

£total = ‘Cimaging + A‘CMMDv (11

where A is a hyperparameter that controls the trade-off be-
tween reconstruction accuracy and domain alignment.

While this training strategy provides an effective solu-
tion to mitigate domain gaps, it remains an optional strategy
rather than a mandatory requirement. In practical NLOS
scenarios, discrepancies between synthetic and real-world
settings may arise due to material properties, hardware char-
acteristics, and noise artifacts. For instance, most simu-
lations assume that both the relay surface and the hidden
object exhibit ideal diffuse reflectance, whereas real-world
conditions may introduce specular reflections. Additionally,
factors such as laser source variations and SPAD-specific
noise introduce distortions that are sometimes difficult to
model precisely in simulation.

'z“%

Galvo " v'ptdter

P ll Filter  Lens

Mirror i Trap

Figure 4. System setup. (a) Our NLOS imaging system, and ()
The fast scanning pattern.

A key advantage of MMD Loss in such cases is that
it’s self-supervised, requiring only real-world measurement
without the need for corresponding ground truth, which
is usually difficult to obtain. Moreover, MMD-based do-
main adaptation can achieve good performance with signifi-
cantly fewer real-world samples than synthetic data, further
enhancing its practical applicability. In cases where syn-
thetic and real-world conditions are already well-aligned,
this two-stage training strategy may be unnecessary. Fur-
ther training details are provided in the next section.

5. Experiments

5.1. Experimental Setup

Synthetic dataset. Based on our distortion model, we con-
struct a large scale synthetic dataset, which includes 10,000
motion sequences and 100,000 frames rendered from a di-
versity of objects, e.g., letters, windmills, propellers, and
full-body and half-body of humans. The object sizes range
from 1 m X 1 m to nearly 2 m x 2 m. The motion styles
vary from simple translation and rotation to complex move-
ments. Each motion sequence spans a duration of 5 seconds,
with 10 FPS, yielding 50 consecutive frames. The motion
speed is approximately 40 cm/s across motions. We exploit
the motion sequences of full-body and half-body of humans
from Mixamo [1], a human motion dataset with over 2,000
motion sequences. We generate the synthetic transients at
spatial resolution of 64 x 64 and at temporal resolution of
20 ps by scanning on a2 m X 2 m relay wall.
Real-measured data. We construct an NLOS imaging
system, as illustrated in Fig. 4, under a confocal configura-
tion. Light from the laser (Katana 05-HP, 532 nm, repetition
rate 1 MHz) is directed by a 2D galvanometer (GVS012)
and scan on the relay wall. A fast-gated SPAD with a 50
mm lens is coupled with a PicoHarp 300 and a delayer
(PSD-MOD) to record transients at a time bin of 4 ps. The
hardware is positioned 2 m away from the relay wall. The
system is calibrated with a time jitter of 72 ps using the on-
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site method [28]. Due to the mechanical speed limitations
of the galvanometer, we adopt a serpentine scanning pattern
(Fig. 4(b)) to minimize rapid large-angle deflections by op-
timizing traversal paths between adjacent scanning points.
We scan a 16 x 16 grid to cover an area of 1 m x 1 m, with
each point being scanned for 0.4 ms.

Implementation. We implement TransiT using Py-
Torch, employing the AdamW optimizer [23] with hyperpa-
rameters 31 = 0.9, B2 = 0.95, and weight decay set to 0.01.
The learning rate follows a cosine decay schedule, starting

Figure 5. Comparison of synthetic results. From top to bottom: Ground truth, ours, f-k and PnP. The results are reconstructed across
multiple frames of 16x16 of noisy synthetic data for different objects — a character "K’, a propeller, and a human.

from 5 x 1073 to 1 x 10™%, with a linear warmup over
the first 10 epochs. The input transients, originally of size
16 x 16 x T', are first compressed to a 32-dimensional latent
representation on 7. Generally, higher-dimensional embed-
ding enables richer representations and better performance.
The choice of feature dimension was determined through
balancing reconstruction accuracy and computational con-
straints. For training, we use a batch size of 64 per GPU
and distribute the process across 24 NVIDIA A800 GPUs.
The total number of training epochs is set to 1000, and it re-
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Figure 6. Comparison of real-measured results. From top to bottom: Ground truth, ours, f-k, and PnP. The results are reconstructed
across multiple frames of 16 x 16 of real-measured data for different objects — a character 'N’, a windmill, and a human.

Table 1. Comparison results. We compare the reconstruction per-
formance of different moving objects using different algorithms
(f-k, PnP, and ours), evaluated by Euclidean Distance (ED), Co-
sine Similarity (CS), Structural Similarity Index (SSIM), and Peak
Signal-to-Noise Ratio (PSNR).

Object Method EDJ CSt SSIMT PSNRt
f-k 0.1286 0.7876  0.6677 17.86
Character PnP 0.0923 0.8575 0.6764 20.77
Ours 0.0520 0.9418 0.9227 25.87
f-k 0.3180 0.6854  0.1902 10.01
Propeller PnP 0.2707 0.7800  0.2818 11.39
Ours 0.0904 0.9781 0.8211 20.91
f-k 0.1136  0.6265 0.5791 19.00
Human PnP 0.1018 0.6939 0.6706 19.92
Ours 0.0415 0.9272 0.8041 29.45

quires approximately 24 hours to optimize with Eq. 9. For
real experiments, we fine-tune TransiT for an additional 100
epochs using 200 real NLOS transient frames on 8 NVIDIA
A800 GPUs and it requires approximately 2 hours to opti-
mize with Eq. 11 with A = 0.01,n = 32, m = 64. Since
the domain gap varies with different systems, the optimal
A is setup-dependent. Our goal is to provide an adaptation
strategy, and we encourage practitioners to tune A based on
their hardware. Training is conducted with mixed precision
using PyTorch AMP to accelerate computations. For infer-
ence, we deploy the model on a single NVIDIA RTX 3090
GPU. Total per-frame latency is ~106 ms ( ~10 FPS), in-
cluding 102 ms for acquisition, ~3.7 ms for arranging pho-
ton events, and ~0.6 ms for reconstruction.

Comparison methods. We carry out experiments on the
datasets using three approaches: our TransiT, f-k [17], and
PnP [39]. To ensure a fair comparison, we standardize the
input size to 16 x 16 and the output size to 64 x 64, and
apply the identical distortion model across all methods. For
the synthetic data, we apply our distortion model to convert
distortion-free transients at 64 x 64 into distorted transients
at 16 x 16. For real-measured data, we directly use our
captured transients at 16 x 16. For f-k, we upsample the
16 x 16 input to 64 x 64 via interpolation, producing an

output of 64 x 64. For PnP, we follow the preprocessing
steps from their public code, padding the 16 x 16 spatial
resolution to 64 x 64 before applying the algorithm.

5.2. Synthetic Results

Fig. 5 showcases the multi-frame reconstruction results of
our synthetic data. From top to bottom, the sequences de-
pict the character *’K’, a propeller, and a full-body of hu-
man. Specifically, the motion of the character K’ involves a
combination of translation and rotation, while the propeller
is randomly sampled from frames along different rotational
sequences. The full-body human is similarly sampled from
frames across various motion sequences.

Due to fast-scan distortions, f-k produces highly blurred
reconstructions and fails to distinguish the object although
it can track the dynamic position. PnP performs better for
the character and full-body human, where shape and posi-
tion are more discernible, but shows less satisfactory perfor-
mance in the propeller. Our method, in contrast, achieves
superior reconstructions by accounting for the system noise
and fast-scan distortions during training, while leveraging
the strong learning and representation capabilities of the
Transformer. To quantitatively analyze the performance, we
compare the results from different methods across various
objects in terms of ED, CS, SSIM, and PSNR. As shown
in Table 1, TransiT outperforms f-k and PnP. Additional re-
sults are included in Supplementary Materials.

5.3. Real-measured Results

Fig. 6 presents reconstruction results for three different real
objects: a character 'N’, a windmill, and a half-body hu-
man. The size of the planar character is 50 cm x 50 cm,
with a movement speed of approximately 20 cm/s. The
windmill has a diameter of around 80 c¢cm, with a rotational
speed of approximately 15°/s. In Fig. 6, TransiT demon-
strates accurate shapes and positions of three moving ob-
jects. Due to the distortions, f-k and PnP produce highly
blurred shapes of the objects although they can track the
dynamic positions. Compared to the other two objects, the
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Figure 7. Ablation study. The results are reconstructed from tran-

sients of three static objects under sparse scanning.

windmill yields noticeably blurrier results mainly because
of its higher rotational speed.

The results on both synthetic and real-measured datasets
demonstrate that TransiT enables us to robustly handle com-
plex and heavy distortions. We further conduct experiments
on the real-measured data from f-k [17] and show compar-
ison results in Supplementary Materials. Notably, some re-
constructions exhibit block-like artifacts, which we attribute
to material disparities between real objects and synthetic
data. While our training dataset consists of diffuse surfaces,
real-world objects often demonstrate retro-reflective prop-
erties. Addressing this limitation, potentially through inte-
gration of larger NLOS datasets with diverse materials or
advanced NLOS foundation models, remains an avenue for
future work.

5.4. Ablation Study

To assess performance of TransiT in the absence of distor-
tions, we carry out an ablation study. We fine-tune Tran-
siT on distortion-free data for 100 epochs and test it on
transients of three static objects: A character ’S’, a pro-
peller, and a human. These transients are captured un-
der sparse scanning. Fig. 7 shows the comparison results
from four methods. f-k yields noisy results with notice-
able artifacts whereas PnP obtains clearer results by incor-
porating a band-pass filtering and a video denoising net-
work. USM [16] generates relatively clear reconstruction
results in some cases, owing to its transient recovery net-
work, whereas the reconstruction of the letter ’S’ exhibits
slight blur. In contrast, TransiT offers superior performance
under the scenario without fast-scan distortions.

We further provide quantitative comparisons of four
methods in terms of ED, CS, SSIM, and PSNR as shown
in Table 2. Both qualitative and quantitative results demon-
strate that our method outperforms the others in terms of
metrics and achieves high quality reconstruction for either
static or dynamic NLOS scenes.

Table 2. Quantitative results of ablation study. We compare the
performance of four methods (f-k, PnP, USM, and ours) for differ-
ent static objects in terms of ED, CS, SSIM, and PSNR.

Object  Method ED| CST  SSIM{ PSNR?T
f-k 0.1352  0.6657 0.1224 17.37
Character PnP 0.0763 0.8639  0.8852 22.34
USM 0.0548 09317 0.9163 25.19
Ours 0.0531 0.9567 0.9261 2549
f-k 0.1487 0.8456  0.2365 16.55
Propeller PnP 0.1204 0.8926  0.7817 18.38
USM 0.1081 09336 0.8016 21.92
Ours 0.1174 09556 0.8308 18.61
f-k 0.1525 0.4828  0.0957 16.34
Human PnP 0.0754 0.6925 0.8515 22.49
USM 0.0483 0.8641  0.9227 24.24
Ours 0.0241 09652 0.9361 26.39

6. Discussion and Conclusion

We have presented TransiT, a new Transformer-based tech-
nique, to reconstruct high frame rate, high quality non-line-
of-sight videos. This new solution allows us to capture
sparse transients (16 x 16) at the exposure time of 0.4 ms
per point using a single-pixel SPAD. Resultant transients
involve distortions, which are convolved during the imag-
ing and fast scanning processes. We have formulated a
distortion model and presented effective solutions to practi-
cally deploy TransiT to real NLOS imaging systems. Com-
prehensive experiments show that TransiT outperforms the
state-of-the-art on both reconstruction quality and frame
rates. While our system currently operates at 10 FPS, we
could theoretically achieve even higher frame rates without
modifying the hardware or network structure. However, we
selected 10 FPS to balance reconstruction quality and tem-
poral consistency.

While TransiT has made significant progress, there re-
main a number of challenges in NLOS videography. First,
fast scanning reduces per point exposure time and the scan-
ning density, resulting in sparse and distorted transients.
Existing techniques are difficult to denoise these distortions.
A potential solution is to employ continuous scans as inputs
for the reconstruction process, rather than sparse and grid-
based data. This would require TransiT to be fine-tuned
to cope with the new scanning process and data types. Sec-
ond, for complex NLOS scenes, single-pixel SPADs require
prolonged acquisition time to capture dense measurements
with rich information, which limits the achievable frame
rates. Although SPAD arrays are the tool in the future, they
are currently constrained by the resolution and the sensitiv-
ity. Our TransiT was initially designed to single-point scan-
ning but could be potentially extended to SPAD arrays for
achieving even higher frame rates. These are our immediate
future work and hopefully a major step towards real-time
NLOS video reconstruction in practical applications.
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