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Non-line-of-sight multi-person pose sensing
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Abstract: In the fields of anti-terrorism and emergency rescue, human pose sensing under
non-line-of-sight (NLOS) conditions plays a critical role in enabling informed decision-making
and effective response. Current research predominantly focuses on line-of-sight (LOS) scenarios
but pays limited attention to NLOS conditions, and even these NLOS studies are confined to
single-person pose detection, significantly restricting real-world multi-person applications. In
this paper, we propose the first method that enables adaptive multi-person pose sensing in NLOS
environments. Our approach reconstructs coarse 3D features from transients and refines these
features through a neural network. The refined features are then utilized to predict a 3D body
center heatmap and a mesh parameter map. Finally, using 3D body center-guided parameter
sampling, the method enables adaptive multi-person 3D mesh regression. Comprehensive
experiments on both simulated data and real-world data acquired using our self-built NLOS
system demonstrate that our method effectively senses human poses in multi-person NLOS
scenarios. Notably, the simulation pipeline we developed for constructing the multi-person NLOS
dataset and the real-world data captured by our system provide valuable resources for advancing
research in this field. We will publicly release our dataset to support the development of new
methods and foster progress in NLOS human pose sensing.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Human pose estimation is a prevalent task in computer vision, supporting diverse applications
such as motion analysis, human-computer interaction, and autonomous systems. Most existing
methods in this domain are designed for general scenarios [1–7], where direct visual information
is typically available to infer body poses accurately. However, in many practical scenarios, such
as robot vision, autonomous driving, rescue operations, remote sensing, and medical imaging,
the line of sight may be obstructed by walls, barriers, or other occlusions. Addressing these
challenges makes non-line-of-sight (NLOS) human pose sensing critical.

NLOS imaging [8,9] is a technique that enables the detection of objects that are hidden or
not directly visible by capturing light that has reflected off surfaces around the objects. Figure 1
shows a typical active confocal NLOS imaging system; a laser source and a detector are both
focused on the same point on a relay surface. Pulses emitted by the laser reflect through the
surface to illuminate the hidden scene. The detector captures photons that bounce back from the
scene to the relay surface, represented as 3D spatiotemporal histograms of photons, known as
transients. Using different imaging algorithms, such as Light Cone Transform(LCT [10]), Phasor
Field (PF [11]), or F-K [12], the hidden scene can be reconstructed from the transients.
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Fig. 1. A typical active confocal NLOS imaging system. (a) A pulsed laser, combined
with a picosecond detector (such as a SPAD), emits photons towards a relay surface. (b)
3D transient measurements from the optical NLOS system. The detector captures photons
reflected from the hidden scene. (c) Estimated pose of the hidden scene.

In recent years, NLOS imaging technology has gained increasing attention. Physics-based
direct reconstruction algorithms [10–16] have enabled the rapid reconstruction of hidden scenes.
While model-based iterative algorithms [17–19] have achieved high-quality reconstructions, their
iterative nature has long been a bottleneck, resulting in extended inference times. Recently, deep
learning-based algorithms have made significant advancements in the NLOS field due to their
ability to learn and perform rapid inference. Chopite et al. [20] were the first to introduce deep
learning into the task of NLOS scene reconstruction. Chen et al. [21] introduced a method
for learning feature embeddings tailored to NLOS reconstruction. They extract sparse hidden
features from simulated transient images using learned feature extraction blocks and feature
propagation units that leverage physical models, enabling effective scene reconstruction. Yu et
al. [22] proposed a novel approach that enhances physics-based NLOS imaging methods by
introducing a learnable inverse kernel in the Fourier domain and using an attention mechanism to
improve the neural network to learn high-frequency information.

Although NLOS imaging technology has garnered increasing attention in the field of computer
vision in recent years, most current research focuses on low-level visual tasks such as scene
reconstruction, while work on higher-level semantic understanding remains relatively scarce.
In particular, accurately estimating human pose in complex environments, where individuals
are occluded or out of direct sight, is not only of great significance for applications such as
security monitoring, counter-terrorism reconnaissance, rescue operations, and remote sensing,
but also provides critical support for cutting-edge technologies such as autonomous driving and
robotic vision navigation. Therefore, research on human pose sensing under NLOS conditions
holds broad application potential and significant academic value. Isogawa et al. [23] employed
reinforcement learning and the inverse point spread function (PSF) to achieve the first end-to-end
method for 3D human pose sensing from optical NLOS transients. Liu et al. [24] used 3D
networks combined with the LCT method to transform transients into 3D features, enabling
single-person joint pose sensing. These methods typically assume that input transients are
limited to single-person scenarios, but in complex hidden scenes in the real world, there are often
multiple people involved, which greatly limits the applicability of these methods in practical
environments.

To address the challenge of estimating multiple individuals in hidden scenes, we propose a
unified and efficient method for NLOS multi-person 3D human pose sensing. Our approach
adaptively processes diverse multi-person transients, achieving accurate 3D mesh regression
for multiple individuals. We developed an automated pipeline that constructs multi-person 3D
models along with their corresponding NLOS transient data. Using this pipeline, we created the
first NLOS multi-person simulation dataset, which includes Skinned Multi-Person Linear Model
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(SMPL [25]) parameters, voxels, and transients. By leveraging these simulated data, our method
reconstructs 3D features from the transients and uses these features to predict a 3D body center
heatmap and SMPL mesh parameter map, enabling robust multi-person pose sensing in complex
NLOS scenarios. To validate its effectiveness, we deployed a self-built NLOS system, as shown
in Fig. 2, to capture real-world data. Extensive experiments on both synthetic and real-world
datasets demonstrate that our method effectively senses 3D human poses for multiple individuals
in challenging NLOS environments. The simulation pipeline we developed and the real-world
dataset captured by our system provide valuable resources for advancing research in this field.
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Fig. 2. (a) Our self-built NLOS imaging system, designed for capturing transient data in
non-line-of-sight scenarios. (b) A schematic representation of the real-world setup.

2. Preliminary

2.1. Background: confocal NLOS imaging

Confocal NLOS imaging is a technique that utilizes a raster scanning process to collect transient
data [10]. In the imaging system, both illumination and detection occur at the same point (x′, y′)
on the reflective surface. When a pulse from a laser hits this point, the light scatters into occluded
areas of the environment and later reflects back to the visible surface. A SPAD sensor records
the time-resolved light intensity at this same location, which is captured as a histogram of photon
arrival times. This process is repeated across a uniform grid of points on the surface, resulting in
a 3D transient image τ(x′, y′, t), where each point on the grid has an associated temporal profile
of the returning photons. The transient is modeled as:

τ(x′, y′, t) =
∫

1
r4 δ

(︂
t −

r
c

)︂
ρ(x, y, z) dV , (1)

where ρ(x, y, z) represents the albedo value at point (x, y, z) in the 3D hidden scene, r is the
distance between the scene point (x, y, z) and the scanning point (x′, y′, 0), c is the speed of light,
and δ(·) is the Dirac delta function.

The LCT [10] is based on a confocal NLOS imaging system, which can represent the
NLOS imaging model as a translation invariant 3D convolution in the transformation domain,
significantly improving computational efficiency, simplifying complex inverse problems, and
achieving high-quality 3D reconstruction of hidden scenes.

2.2. Real-world data acquisition with self-built NLOS system

To capture real-world transients of human poses, we constructed a confocal NLOS imaging setup,
as shown in Fig. 2, based on the forward model in Eq. 1. Using a pulsed laser and a single-pixel
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SPAD via a beam splitter, we ensure that the illumination and detection points coincide on the
relay wall, enabling the capture of multi-person NLOS data to verify the effectiveness of our
method in real-world scenarios. Our system employs a 532nm pulsed laser with 750mW output
power, providing optimal illumination for capturing high-quality transient measurements. The
system uses a PDM photon counting detector module with high photon detection efficiency and
superior timing resolution. A 2D galvanometer guides the laser light, scanning the relay wall,
while the SPAD records returning photons via a TCSPC module to generate transient images.

We capture transients with real people wearing reflective clothing similar to those used in F-K
[12] for our test set. Each hidden scene is located 0.8m to 1m away from the relay wall. To
validate the method under more realistic conditions, we also captured data with subjects wearing
ordinary clothing materials at distances of 1.2m to 1.4m away from the relay wall. The imaging
system scans 128 × 128 points in the field of view (FOV) of 1.85 m × 1.85 m on the relay wall,
with an acquisition time of 0.01s per scanning point and a bin width of 32 ps. The total scanning
time for the entire scene is approximately 2.5 minutes.

3. Methods

3.1. Overview

To handle transient inputs in diverse multi-person scenarios, we propose a framework named
AMPE-NLOS, as illustrated in Fig. 3. Given transient images as input, we first extract and
propagate features through a collection of physical models using the LCT method, producing
coarse 3D features Fl . These features are then passed through a 3D U-Net network with voxel
supervision to output refined 3D features Fr . Based on both the refined 3D features Fr and the
coarse 3D features Fl, we generate the 3D body center heatmap Cm and SMPL parameter map
Sm . The 3D body center heatmap Cm predicts the probability of each location in 3D space being
a human body center, while the SMPL parameter map Sm predicts the SMPL parameters for a
person centered at each spatial position.

Specifically, the input transient data is first downsampled from 128×128×512 to 128×128×128
as the input to the network. Following the settings in [24], feature extraction is performed using a
5-layer CNN with residual blocks to extract spatial-temporal features from the transient data. The
generated 3D features and the transient input both have the same size of 128 × 128 × 128. After
the LCT transformation, a 7-layer 3D U-Net network is used to refine the 128 × 128 × 128 voxel
features Fr. Based on the refined features Fr, another 3D U-Net network is used to estimate the
3D body center heatmap Cm ∈ R1×64×64×64. The fused feature map obtained by adding coarse
features Fl and refined features Fr is used as input to output the predicted SMPL mesh parameter
map Sm ∈ R79×64×64×64 through a 3D CNN network with ResNet-50 [26] as the backbone.

3.2. Simulation pipeline for multi-person NLOS dataset

To train our AMPE-NLOS network, we require paired multi-person scenes and corresponding
transients under NLOS conditions. However, existing NLOS datasets are scarce and insufficient
for this task. Therefore, we utilized our own pipeline, as shown in Fig. 4, to construct a
multi-person NLOS dataset. Our dataset includes 20K multi-person SMPL 3D models, their
corresponding SMPL parameters, voxel data, rendered transients, and ground truth 3D body
center maps.

Multi-person pose collection: VPoser [27] is a variational autoencoder-based model designed
to represent human pose in a low-dimensional latent space. It efficiently captures and samples
natural human pose variations by encoding complex pose configurations into a compact latent
space, making it suitable for generative tasks and human mesh recovery. We first randomly sample
latent variables from VPoser and pass them through the decoder to generate 20K single-person
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Fig. 3. AMPE-NLOS Framework Overview. Two-stage pipeline for adaptive multi-person
NLOS pose estimation: (a) LCT+U-Net feature refinement; (b) SMPL + heatmap regression.
Final poses regressed via body center-guided sampling — supports scenes with varying
numbers of people.

Fig. 4. NLOS Dataset Synthesis Pipeline — Combines VPoser pose sampling, multi-person
composition, and noise-aware transient rendering to generate pose–voxel–measurement
triplets for training NLOS pose estimators.
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poses. These single-person SMPL models are then combined into two-person and three-person
scenes through random translations and rotations around the z-axis.

To enhance the realism of the simulated data and the interactivity of multi-person scenes,
we also introduce the InterHuman dataset [28] . This dataset is a comprehensive, large-scale
collection of 3D human interaction motions, featuring various 3D movements between two
interacting individuals. It includes interaction motions broadly classified into two categories:
daily motions, such as passing objects, greeting, and communicating, and professional motions,
like Taekwondo, Latin dance, and boxing. We extracted the SMPL parameters from three frames
of each video and simultaneously constructed an NLOS version of this dataset.

Using the generated multi-person 3D SMPL mesh models, we employed the voxelization
program provided by Binvox [29] to achieve a binary voxel representation of the 3D models.
Using the representations introduced in Sec.3.3, we also constructed the ground truth for the 3D
body center heatmap.

Transient simulation: Embed [21] implemented a CUDA-accelerated pipeline for rasterized
rendering of transients. Using this approach, we simulated the transients for the SMPL 3D model.
The transients have a spatial-temporal resolution of 128 × 128 × 512 with a bin width of 33 ps.

However, in real NLOS imaging systems, due to the influence of the Single-photon avalanche
diode (SPAD) sensor, there are various factors such as photon detection efficiency, time jitter,
noise, dark counts, and afterpulsing that can affect the measurements. To reduce the gap between
simulated and real data, we followed the SPAD simulation model presented in [30] to post-process
the simulated transient data, simulating realistic human transients with noise. This model
accounts for most of the SPAD’s output response effects, including detection efficiency, time
jitter, avalanche quenching, and both internal and external noise sources, providing a reliable
computational sensor model.

3.3. Basic representations

We introduce the representation of the 3D body center heatmap and SMPL [25] mesh parameter
map in this section. Each output map is of size n×D×H ×W, where n is the number of channels
and D = H = W = 64.

3D body center heatmap: Cm ∈ R1×D×H×W is a heatmap representing the 3D human body
center in space. We first determine the root node’s spatial position using the translation parameter
from the SMPL model and normalize it into a D × H × W 3D spatial domain. Each human body
center is modeled as a Gaussian distribution in the 3D body center heatmap. A 3D Gaussian
kernel is applied to smooth the representation. The convolution of the body center space C with
the Gaussian kernel G is expressed as:

Cm = C ∗ G, (2)

where G is the 3D Gaussian kernel with a size of 4 × 4 × 4 and a standard deviation of σ = 1.0,
and ∗ denotes the convolution operation.

SMPL mesh parameter map: Sm ∈ Rm×D×H×W includes the 79-dimensional parameters
of the SMPL model, which describe the 3D human body’s pose, shape, translation, and root
orientation. We estimate a set of SMPL mesh parameters for each spatial position as the human
body center, which collectively forms the SMPL map. The SMPL model defines an efficient
unified parametric representation of the human body, mapping the pose θ and shape β parameters
to a human 3D body mesh M ∈ R6890×3. The shape parameter β ∈ R10 is the top 10 principal
components (PCA) coefficients of the SMPL shape space, representing the most significant
variations in human body shape. The pose parameters θ ∈ R3×22 define the 22 body joints,
excluding the two hand joints, and describe the rotation of each joint relative to its parent using
an axis-angle representation. The 3D rotation of the first joint denotes the body’s root orientation
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in the space. The translation parameter T ∈ R3×1 represents the spatial displacement relative to
the origin.

3.4. 3D body center-guided parameter sampling

In order to achieve adaptive person detection and human mesh recovery, we need to parse the
3D spatial coordinates c ∈ Rn×3 of multiple body centers from the 3D body center heatmap Cm,
where n represents the number of detected individuals that meet the criteria. Based on the 3D
spatial coordinates c ∈ Rn×3, we sample the SMPL parameters from the SMPL mesh parameter
map Sm.

The 3D body center heatmap Cm represents the probability of each spatial location being
the human body center. For the output heatmap, we first apply non-maximum suppression to
extract the local maximum at different spatial positions. Through the max pooling operation, we
determine c as the spatial coordinate of the local maximum. Based on the probability values of c
being the body center in the heatmap, we sort them in descending order. By setting a confidence
threshold tc, the top n positions are selected as the final body centers. During the inference
process, adaptive person detection is achieved based on the final selected c. Using the spatial
positions of c, the corresponding SMPL parameters are sampled from the SMPL mesh parameter
map Sm. During training, we sort the predicted c based on their spatial positions to match them
with the ground truth body centers, enabling the calculation of the loss.

3.5. Loss functions

In this section, we introduce the configuration of the loss functions used throughout the network
training process.

Voxel loss: Following [24], We use voxel loss to train the 3D U-Net by minimizing the
difference between the ground truth voxels and the predicted refined features Fr . The voxel loss
combines the binary cross-entropy loss and the dice loss [31] .

Lvoxel =
1
N

∑︂
n

(σn log σ̂n + (1 − σn) log(1 − σ̂n)) +

(︄
1 −

2
N

∑︂
n

σnσ̂n

σn + σ̂n

)︄
, (3)

where σ̂n and σn represent the 3D features Fr predicted and the ground-truth volume, respectively,
while N is the number of voxels.

3D body center loss: Lc is designed to ensure that the 3D human body center positions c have
a high confidence probability, while in most other non-center spatial positions, the confidence in
the heatmap Cm remains low. To address the significant imbalance and difference in the number
of samples between the center and non-center points of the 3D body in Cm, we follow the focal
loss in [32], 3D body center loss is defined as:

Lc = −
1∑︁
Ipos

(︄∑︂
pos

log(Cp
m)(1 − Cp

m)
2Ipos +

∑︂
neg

log(1 − Cp
m)(C

p
m)

2(1 − Cgt
m )

4Ineg

)︄
, (4)

where Cp
m and Cgt

m represent the predicted and ground-truth 3D body center heatmaps. Ipos is
a binary matrix with positive values at the 3D body center locations, defined as Ipos = 1 when
Cgt

m>0.9, and Ineg is an indicator function for the negative samples, defined as Ineg = 1 when
Cgt

m ≤ 0.9.
Mesh parameter loss: As we introduced in Sec.3.4, we implemented the extraction and

matching of multi-person SMPL parameters. The mesh parameter loss Lmesh is defined as:

Lm = wposeLpose + wshapeLshape + wrootLroot + wtransLtrans + wj3dLj3d, (5)

where Lpose is the L2 loss computed by converting the pose parameters θ ∈ R3×21 into rotation
matrices using the Rodrigues transformation, and calculating the pose parameter loss at the level
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of the 3D rotation matrices. Lshape is the L2 loss of the shape parameters β ∈ R10. Lroot is the
L2 loss of the root orientation rotation matric, representing the overall orientation of the human
body. Ltrans is the L2 loss of the translation parameters. Lj3d is the L2 loss of the 3D joints J
regressed from the body mesh M. w(·) denotes the corresponding loss weights.

4. Experimental results

4.1. Experimental settings

4.1.1. Implementation details

We divided our constructed simulation dataset into training, validation, and test sets in an 8:1:1
ratio, and trained our network accordingly. We employed the Adam optimizer with an initial
learning rate of 0.001, applying a learning rate decay factor of 0.1 starting at the second epoch.
We adopted a phased training strategy. In the first phase, we initially trained the feature extraction
network, refined voxel features, and the 3D body center heatmap network. Once the 3D features
and body centers were accurately predicting the number of people, we proceeded to the second
phase. In this phase, we fixed the weights of the earlier networks and solely trained the SMPL
mesh parameter sensing network. We trained the network for two days on two NVIDIA RTX
3090 GPUs with a batch size of 2.

4.1.2. Computational complexity and inference time analysis

The proposed network comprises several key components: a 5-layer CNN for feature extraction,
an LCT module for spatiotemporal propagation, a multi-layer 3D U-Net for feature refinement
and body center prediction, and a 3D CNN with a ResNet-50 backbone for SMPL mesh parameter
regression. With a total of 88.43 million parameters, the network design incorporates input
downsampling in the initial stage, a lightweight network architecture to reduce computational
overhead, and parallel processing for body center prediction and SMPL parameter estimation. As
a result, the model achieves an average inference time of 0.1 seconds per sample on an NVIDIA
RTX 3090 GPU, making it well-suited for real-time imaging applications.

4.1.3. Comparison methods

Since we are the first to perform multi-person NLOS pose sensing, there is a lack of related work
for comparison. Therefore, based on the single-person NLOS pose sensing work HiddenPose [24]
and the reconstruction-based Embed [21], we implemented multi-person pose sensing versions
to conduct comparative experiments. The output of HiddenPose consists of the 3D spatial
coordinates of 24 joints for a single person. It is a regression probability model based on neural
networks, and regardless of the number of people in the input transient scene, it can only output
the spatial positions of 24 joints, making it suitable only for single-person scenarios. We manually
modified the network structure of HiddenPose for each experiment and retrained different models
for single-person, two-person, and three-person scenes to conduct comparative experiments. For
Embed [21], we discard its reconstruction objective and reuse only its backbone architecture
(e.g., feature extractor), training it end-to-end for pose regression under the same multi-person
protocol. In contrast, our AMPE-NLOS network is a unified framework that requires only a
single training process on mixed multi-person scenes and can adaptively handle transient scenes
with varying numbers of people. For fairness and ease of comparison, we trained the SMPL
version of the model using the same dataset.

4.1.4. Evaluation metrics

We adopted the main evaluation metrics commonly used in the human pose sensing field: mean
per joint position error (MPJPE), which calculates the average Euclidean distance between the
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predicted joint coordinates and the ground truth coordinates. MPJPE is defined as:

MPJPE =
1
N

N∑︂
i=1

∥Ji − J∗i ∥2, (6)

where N represents the number of joints, Ji represents the predicted joint coordinates, and J∗i
represents the ground truth joint coordinates. PA-MPJPE calculates the MPJPE with the predicted
joints rigidly aligned to the ground truth joints. This alignment removes the errors caused by
translation, rotation, and scale differences.

Per-vertex error (PVE), which evaluates the 3D surface error by calculating the mean Euclidean
distance between the predicted and ground truth mesh vertices. PVE is defined as:

PVE =
1
M

M∑︂
i=1

∥Vi − V∗
i ∥2, (7)

where M represents the number of mesh vertices, Vi represents the predicted vertex coordinates,
and V∗

i represents the ground truth vertex coordinates.
Mean per joint angle error (MPJAE), which computes the mean error in joint angles, evaluates

the accuracy of predicted joint rotations by calculating the mean angular distance between the
predicted and ground truth joint angles. MPJAE is defined as:

MPJAE =
1
N

N∑︂
i=1

|Θi − Θ
∗
i |, (8)

where N represents the number of joints, Θi represents the predicted joint angles, and Θ∗
i

represents the ground truth joint angles.

4.2. Results on simulated data

To validate the effectiveness of our method, we conducted comparative experiments on the two
simulation datasets we constructed. Figure 5 shows the experimental results on our dataset
generated from InterHuman. Features Fr represent the refined features predicted by our network
in the voxel domain. We present five different results of two-person pose sensing. As shown in
the results, the SMPL models generated by our method are highly consistent with the ground
truth. Compared to the implemented version of Embed [21] and HiddenPose [24], our method
demonstrates significant advantages. By utilizing the 3D body center-guided parameter sampling
method, we achieved effective pose sensing in multi-person NLOS scenarios. Even in challenging
cases such as Scene 5, where significant front-back occlusions exist, our approach consistently
delivers accurate pose sensing. In contrast, both Embed [21] and HiddenPose [24], which directly
regress poses, fail to effectively handle multi-person tasks. The poses estimated by them tend to
converge to a unified template, lacking the ability to distinguish between different individuals.

Table 1. Quantitative assessment for our method compared to
Embed [21] and HiddenPose [24] on our dataset generated from

InterHuman

Method MPJPE ↓ PA-MPJPE ↓ PVE ↓ MPJAE ↓

Embed [21] 152.25 121.99 193.77 33.16

HiddenPose [24] 132.65 109.48 166.55 30.85

Ours 43.40 35.50 54.99 12.35

Table 1 shows the quantitative results of four evaluation metrics, which are calculated using
the SMPL models predicted from the testing split of the Inter-NLOS dataset. The four evaluation
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Fig. 5. Qualitative comparisons to Embed [21] and HiddenPose [24] on our dataset generated
from InterHuman.

metrics of our method are significantly better than those of Embed [21] and HiddenPose [24],
indicating improved accuracy in pose sensing and demonstrating the superiority of our approach.

Figure 6 shows the experimental results on our constructed dataset generated from VPoser.
We evaluate our method on scenarios involving one, two, and three persons. Notably, our method
employs a unified network architecture and achieves these results by training on a mixed dataset
comprising all three scenarios. In contrast, Embed [21] and HiddenPose [24] utilize separate
network architectures specifically designed for each scenario, and their results are obtained by
training independently on datasets corresponding to each number of persons. As shown in
Fig. 6, Embed [21] and HiddenPose [24] perform poorly in multi-person scenarios when directly
regressing SMPL models. In contrast, our method uses the 3D body center-guided parameter
sampling method to adapt effectively to multi-person scenarios. By leveraging the semantic
information of body centers, our approach distinguishes the SMPL parameters and positions of
different individuals with high accuracy, achieving adaptive non-line-of-sight multi-person pose
sensing even under mixed training conditions.

Table 2 shows the quantitative results of four evaluation metrics, our method uses a unified
network framework to sense multi-person poses in NLOS scenarios and achieves clear advantages.

4.3. Results on real data

Figure 7 shows the experimental results on real data captured using our self-built NLOS system.
Our method can process transient data from scenarios with varying numbers of people using a
unified network architecture and successfully accomplish the task of multi-person pose sensing.
Regarding the orientation of the individuals in the second, third, and fifth columns, we made
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Fig. 6. Qualitative comparisons to Embed [21] and HiddenPose [24] on our constructed
dataset generated from VPoser.

Table 2. Quantitative assessment for our method compared to
Embed [21] and HiddenPose [24] on our constructed dataset

generated from VPoser

Method MPJPE ↓ PA-MPJPE ↓ PVE ↓ MPJAE ↓

Embed [21] 123.77 85.23 164.46 28.54

HiddenPose [24] 108.40 75.37 144.75 27.74

Ours 61.44 55.65 74.10 24.06

the design choice to ensure that the human head effectively reflects light. As such, we consider
the side of the hat as the front of the individual. This setup has led to an apparent reversal of
orientation in the output, which might seem unusual from a visual perspective. Additionally, the
distinction between a purely front-facing and purely back-facing position is relatively minimal in
transient data due to the inherent properties of NLOS imaging. The reflected light from these
positions is often quite similar, which can cause difficulties in differentiating the exact body
orientation. The quality of the captured real data is influenced by the noise and time resolution
limitations of the NLOS imaging system, resulting in a noticeable gap between real-world and
simulated data. Although this issue can be present, it is important to note that it is a natural
consequence of the limitations of the system’s spatial and temporal resolution, and it does not
significantly hinder the overall performance of the method.

To further validate generalization under practical conditions, we conducted additional exper-
iments with subjects wearing ordinary clothing at distances of 1.2m to 1.4m away from the
relay wall. Results from this realistic setup, shown in Fig. 8, confirm that our method remains
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Fig. 7. Qualitative results of multi-person 3D pose estimation on real data captured with
subjects wearing reflective clothing.

functional with ordinary clothing. The inherently weaker signal from low-reflectivity clothing,
combined with the system’s temporal resolution constraints, results in noisier transient data. This
noise propagates into the subsequent feature reconstruction, leading to blurred and incomplete
structural information, particularly in peripheral regions like the arms and extremities. As our
pose estimation network is highly dependent on the quality of these input features, the final
accuracy in estimating fine-grained poses, especially arm orientations, is consequently diminished
under these challenging conditions. This also represents one of the limitations of our method.

Fig. 8. Qualitative results of multi-person 3D pose estimation on real data captured with
subjects wearing ordinary clothing.

4.4. Ablation study

To validate the contribution of each module in our proposed framework, we conduct systematic
ablation studies focusing on the feature extraction and refinement components. The complete
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network architecture consists of four key stages: feature extraction, feature refinement, body
center prediction, and SMPL parameter estimation. The latter two components constitute the
core function of implementing adaptive multi person pose perception and are indispensable,
so we conducted ablation experiments on the first two modules. We implement the feature
extraction and refinement modules in different combinations, and show the quantitative results of
MPJPE, PA-MPJPE, PVE, and MPJAE in Table 3. The results clearly indicate that bypassing
the feature processing stages and attempting to directly estimate poses from transient data is
not feasible, as this approach fails to provide the necessary semantic information for effective
body center detection and multi-person counting. The feature extraction and refinement modules
play a critical role in reconstructing meaningful representations, with the complete configuration
achieving the best performance across all metrics.

Table 3. Ablation study for the feature extraction and refinement modules on our constructed
dataset generated from VPoser

Feature Extraction Feature Refinement MPJPE ↓ PA-MPJPE ↓ PVE ↓ MPJAE ↓

× × 219.76 123.71 283.97 39.09

✓ × 81.78 73.17 101.17 26.91

× ✓ 73.10 66.95 88.17 26.10

✓ ✓ 61.44 55.65 74.10 24.06

5. Conclusion

This work presents the first unified and efficient method for NLOS multi-person 3D human pose
sensing, overcoming the limitations of previous works confined to single-person scenarios. Our
approach adaptively handles diverse multi-person NLOS conditions through a novel framework
that reconstructs coarse 3D features from transients, refines them via neural networks, and
leverages 3D body center-guided parameter sampling for adaptive mesh regression.The method
adapts to diverse multi-person NLOS scenarios and includes the first simulated dataset for
multi-person pose sensing in NLOS conditions. Experimental results on both simulated and
real-world data demonstrate the effectiveness of our approach. Notably, the simulation pipeline
we developed for constructing the multi-person NLOS dataset and the real-world data captured
by our system provide valuable resources for advancing research in this field.

Although our method achieves robust performance, current results exhibit minor inaccuracies
in arm pose estimation, particularly in challenging cases with significant occlusions or complex
limb configurations. These subtle imperfections highlight the inherent difficulties of inferring
poses from transient NLOS data. Future research is needed to reduce the cost of capturing real
data with NLOS imaging systems and bridge the gap between real-world and simulated data.
Ultimately, we believe this work lays the foundation for broader applications of NLOS imaging in
real-world multi-person environments and inspires further advancements in this emerging field.
Funding. National Natural Science Foundation of China (62231018. 62171317); Fundamental Research Funds for
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