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Abstract

Reconstructing object geometry from radio frequency (RF)
signals is fundamentally challenging due to the lensless
imaging nature of RF sensing, which leads to low spatial
resolution and high noise. Unlike light signals, RF sig-
nals can penetrate occlusions and thus capture information
about hidden scenes. Existing Non-Line-of-Sight (NLoS)
3D neural reconstruction methods can recover coarse sur-
faces inside enclosed environments but often suffer from un-
stable optimization, noisy surface geometry, and surface
ambiguity, failing to produce accurate zero-level sets from
the signed distance field (SDF). These limitations largely
stem from neglecting the role of Line-of-Sight (LoS) geom-
etry outside the enclosed region, which provides valuable
physical constraints for modeling signal propagation. In
this paper, we introduce a Unified LoS and NLoS neural ge-
ometry reconstruction framework that leverages the outside
LoS geometry to model and guide RF propagation from the
LoS region into the NLoS region. By integrating visual LoS
priors into the neural field formulation, our system achieves
stable training and physically consistent reconstruction of
both visible and hidden geometry, setting a new state-of-
the-art in RF-based geometry reconstruction.

1. Introduction

Radio frequency (RF) reconstruction has exploded in recent
years as a robust and versatile sensing modality due to its
unique ability to see through occlusions and remain reliable
under challenging visibility conditions. This unique ability
to see through occlusions and operate in non-line-of-sight
scenarios while being safe for humans [44], unlocks a large
range of applications, such as allowing robots to see hid-
den objects inside boxes or behind clutter or allowing smart
home devices to interact with occluded regions [1, 53].

However, directly reconstructing 3D objects from RF
signals is challenging. Due to their lensless nature, the
pinhole camera model commonly used in vision does not
apply. Each antenna can receive signals from the whole
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Figure 1. This is the first work which uses line-of-sight modali-
ties to boost non-line-of-sight 3D reconstruction for high resolu-
tion 3D reconstruction. a) Shows the radar heatmap from com-
bining all multi-view images, b) demonstrates vision based re-
construction of the line-of-sight surface, c) shows prior RF-based
method [28] which crops the box out of the reconstruction, and d)
shows our system which combines line-of-sight and non-line-of-
sight reconstruction from RF signals.

scene, bringing challenges in high-cost sampling, low res-
olution, and high noise levels. Traditionally, it is com-
mon to use an array of antennas and combine the signals
across antennas [47], producing more interpretable recon-
structions. However, compared to vision reconstruction, the
reconstruction from RF is corrupted by noise artifacts, miss-
ing surface patches due to specular RF reflections, and very
low spatial resolution due to physical limitations of the an-
tenna array apertures.

Recently, there has been a growing interest in neural re-
construction methods for radio frequency [5, 18, 23, 28, 54],
which try to adapt and apply these methods to RF sensing
to represent the geometry of a scene continuously, enabling
smoother and more accurate 3D representations. Many of
these works [5, 18, 23, 54] only reconstruct scenes in Line-
of-Sight (LoS) and are geared towards mapping the envi-
ronment for autonomous navigation rather than reconstruct-
ing detailed 3D models of complex objects. A more re-
cent work [28], reconstructs surfaces in Non-Line-of-Sight
(NLoS) (e.g. behind paper or in a box) by simply crop-
ping out the occlusion and treating as if it was not there (i.e.
treating LoS and NLoS in the same way). However, the



LoS model incorrectly assumes that the wireless signal that
reaches the NLoS surface after passing through the occlud-
ing surface, is completely unaffected by the LoS surface. In
reality, interactions with the LoS occlusion is unavoidable,
because the wireless signal that passes through the LoS oc-
clusion is partially reflected and attenuated by the occluding
surface [10, 35].

As a result, this method [28] suffers from: (1) inaccurate
surface reconstruction, since wireless reflections from the
visible surfaces can “leak” into the hidden region, appearing
as noise that alters the reconstruction, as shown in Fig. 1(c),
where the bunny has a strange “hat” shape influenced by the
box; (2) unstable training, because different LoS geome-
tries (e.g., boxes of different shapes and sizes) can alter the
optimization landscape, leading to failure to converge to a
stable surface in some cases; (3) surface ambiguity, since
the LoS geometry affects the power of the wireless signal
reaching the NLoS regions, it becomes difficult to normal-
ize the signal strength and, as a result, to determine the true
surface (i.e., the zero-level set of the SDF). For example,
the surface in Fig. 1(c) is not selected based on the SDF
being equal to zero, but rather offset by a few centimeters.
On the other hand, the vision-based reconstruction methods
well known from [29, 43] are advantageous for stable train-
ing and accurate surface recovery. As shown in Fig. 1(b),
vision successfully reconstructs a highly accurate LoS box,
but it cannot see inside the box. This prompts us to ask the
question: can we leverage visible information outside the
boxes to help see through them?

To address this, we propose a Unified Line-of-Sight and
Non-Line-of-Sight (ULoS) neural geometry reconstruction
framework that exploits stable and accurate information
from line-of-sight modalities outside the box to guide low-
resolution and noisy non-line-of-sight modalities inside the
box. (1) We represent the combined LoS and NLoS regions
as nested, closed, and compact sets, enabling a unified rep-
resentation within a single field named the ULoS Signed
Distance Field (ULoS SDF). This formulation supports con-
sistent optimization across both regions and helps mitigate
LoS-induced artifacts within the NLoS area. (2) We then
propose a ULoS Rendering technique, which incorporates
the vision-pretrained SDF to provide a stable initialization
for training the ULoS SDF with RF signals. (3) To ad-
dress the surface ambiguity problem and determine the cor-
rect zero-level set of the ULoS SDF, we introduce a second
stage of training which aligns the vision-pretrained SDF and
the RF-trained ULoS SDF outside the box, and prove that
this alignment transfers to alignment inside the box. With
these three components, Fig. 1(d) shows that our framework
achieves global surface reconstruction across both LoS and
NLoS regions, producing a clean and accurate surface with
the correct zero level of the SDF.

We evaluate our system using a 77 GHz mmWave radar

mounted on a Franka Research 3 robotic arm, imaging a
variety of real-world objects inside different boxes. Our re-
sults demonstrate that our framework outperforms previous
works and takes a significant step towards more robust and
accurate 3D reconstruction from RF signals behind occlu-
sions.

2. Related Work
Vision-Based Neural 3D Reconstruction: Neural Ra-
diance Fields (NeRF) [29] and Gaussian Splatting [22]
introduced using learnable parameters to reconstruct 3D
scenes from multi-view images, which creates a neural
implicit representation of the 3D scene. Motivated by
this [8, 13, 17, 20, 25, 32, 43, 50, 51], more works fur-
ther separates scene components into explicit geometric
representations and reconstructs detailed surface meshes.
[6, 15, 21, 27, 31, 34, 48, 49] take it a step further to pre-
dict lighting and material properties by learning compli-
cated light interactions. They base the reconstruction on
the explicit forward rendering equation adding in the re-
flectance distribution function. However, all of these 3D
representations are based on optical signals, which are not
easily translatable to radio frequency.
3D Radar Reconstruction: Deep learning techniques have
been used for imaging or point cloud completion in the con-
text of self-driving cars. However, these works are geared
towards street-level scenes and LoS (unoccluded) large ob-
jects like cars and pedestrians [16, 19, 24, 36–38].

mmNorm [11] performs non-line-of-sight surface recon-
struction by estimating a normal field and optimizing over
isosurfaces obtained by inverting the normal field. How-
ever, unlike our system, mmNorm focuses on one-sided 3D
reconstruction (front view instead of 360◦) and, similar to
other works, it simply crops the occlusion out.
RF Neural Implicit Reconstruction: [5, 18, 23, 54] try
to reconstruct self-driving car scenes by rendering a power
distribution of the wireless signal and learning the occu-
pancy of different locations in the scene. Another set of
work [4, 40] apply neural implicit reconstruction to satel-
lite images. However, all of these works perform recon-
struction specifically tailored for reconstructing large scale
scenes such as streets or satellite images and don’t address
close-range high-resolution object reconstruction, which re-
quires different wireless propagation modeling as explained
in the supplementary material.

For near range reconstruction, authors of [39], propose
a method for 3D neural reconstruction of objects. How-
ever, their evaluation is limited to simulated data, which
cannot represent the complexity of real world experiments
with wireless signals. Most recently, authors of [28] pro-
pose a neural reconstruction method, tested on real world
experiments, specifically for near-field objects, by using a
physical rendering model of radio signals to learn a surface



model. However, their work avoids the need to model oc-
clusions (eg. boxes, paper) by simply cropping the reflec-
tions from the occlusion out of the radar image, which intro-
duces additional noise and degrades surface reconstruction.
Radar-Vision Joint Perception: A plethora of works have
explored the benefits of combining radar and camera per-
ception [2, 7, 12, 26, 45, 46, 52]. However, these papers are
geared for self-driving car scenarios and bounding box de-
tection, not reconstruction. Moreover, none of these works
have used radar-camera fusion for neural implicit recon-
struction for high-resolution 3D reconstruction.

3. Wireless Technical Background

3.1. Radio Frequency Background

Waveform A radar transmits a wireless waveform and re-
ceives reflections that come from the signal bouncing off of
various objects in the environment. Our system uses Fre-
quency Modulated Continuous Wave (FMCW) and antenna
arrays to resolve range, azimuth and elevation ambiguity
as a result of the lensless nature of wireless signals. The
received signal is multiplied with the conjugate of the trans-
mitted signal and is expressed as:

s(t) = A · e−j2π(ν+kt)d/c = A · e−(j2πkτ)t · e−j2πντ (1)

where A is the signal amplitude, d is the round-trip propa-
gation distance, c is the speed of light, τ = d/c is the round-
trip delay, ν is the starting frequency, and k is the slope of
the frequency change. For multiple reflectors in the scene,
we receive the linear combination of Eq. 21.
Reflector Interaction Unlike light, whose short wave-
length causes diffused reflections, RF signals have much
longer wavelengths, making most surfaces appear smooth
and produce primarily specular reflections [33]. In this pa-
per we follow the reflection model as used in [28]. Given
an input signal with amplitude ATX, the received amplitude
ARX is expressed as:

ARX ∝
a

(4πu)2
ATX (ωo · ωr) (2)

where a is the reflectivity, u is the propagation distance
from the reflection point to the receiver, ωr is the incoming
vector of the RF signal, and ωo is the outgoing vector.
RF Imaging Unlike imaging with optical signals, radar
imaging does not use any physical filter, meaning each an-
tenna receives signals from the entire scene. Instead, radar
imaging relies on antenna arrays and a digital filter to es-
timate the locations in space most likely to reflect, using
phase-delay information of the received signals. In this
work, we use a matched filter [33], where each received
signal which arrives along a different path, carries a distinct
phase delay as a result of it’s propagation time. For multiple

antenna measurements, the matched filter is defined as:

P (x) =

∣∣∣∣∣
∣∣∣∣∣
Nant∑
i=1

∑
t

s(i, t) ej2πkτit ej2πντi

∣∣∣∣∣
∣∣∣∣∣ , (3)

where Nant is size of the antenna array, τi is the round-trip
time delay corresponding to the i-th antenna, and s(i, t) is
the received signal at time t from the i-th antenna.

3.2. Lensless Volumetric Rendering
Signal Tracing While vision-based rendering relies on op-
tical lenses to filter and focus relevant light rays, wireless
sensing operates through lensless imaging, capturing all in-
coming RF signals without directional filtering. The RF sig-
nal received at time t by an antenna located at xant can be
expressed as:

s(xant, t, u) =
∑

x∈ΩULoS

Arx(x) e
−j2πkτxt e−j2πντx , (4)

where τx denotes the propagation delay from point x to the
antenna, and Arx(x) represents the received amplitude at
x = xant + ωr · u, which can be modeled using Eq. 2 as:

Arx(xant, ωr, u) =
a(u)

(4π)2
(ωo ·ωr)T (u)

2 ρ(u)Atx dt, (5)

where a(u) is the reflectivity, ωo is the outgoing vector com-
puted as ωo = ωi − 2(n · ωi)n, with ωi as the incoming
signal vector and n the surface normal. Here, Atx denotes
the equivalent transmitted power. The terms T (u) and ρ(u)
are adopted from volumetric rendering in vision [43], where
T (u) represents accumulated transmittance and ρ(u) de-
notes opacity. Since radar sensing involves two-way propa-
gation, the transmittance term T (u) is squared.
Lensless Sampling and Lensless Rendering Each antenna
receives signals from all incoming directions, thus the lens-
less sampling strategy introduced in [28] is used to avoid
exhaustive grid-based sampling for every antenna; the com-
putation of opacity and accumulated transmittance is shared
across antennas. Specifically, the quantities ρ(u) and T (u)
only need to be computed once for each spatial position, as
they are shared by all antenna rays that intersect the same
voxel.

As shown in Fig. 3, lensless sampling begins by casting
parallel rays aligned with the radar’s primary direction ωp

from the antenna aperture. The opacity ρ(u) and transmit-
tance T (u) = exp

(
−
∫ u

0
ρ(v)dv

)
is computed along the

primary ray using traditional rendering [43]. The true trans-
mittance T (u′) along a real ray (orange ray in Fig. 3) point-
ing toward the antenna is avoided from being recomputed.
Instead, the sigmoid-SDF values are adjusted at the scene
boundary ∂ΩULoS (green and orange points in Fig. 3):

T (u′) = T (u)− Φs(f(x(us))) + Φs(f(x(u
′
s))), (6)
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Figure 2. a) Vision-trained SDF uses negative values (blue) and
positive values (red) to separate the inside and outside. b) RF-
trained ULoS SDF models the scene as a series of nested closed
and compact sets. Areas with a strong radio frequency interaction
((e.g., carton, metal) (blue) are assigned negative values, weak in-
teractions ((e.g., air) regions (red) are assigned positive values.

where Φs(·) denotes the sigmoid function, and x(us) and
x(u′

s) represent the starting points of the primary and sec-
ondary rays.

4. Rendering from Radio Frequency Signals
4.1. ULoS Scene Representation
As shown in Fig. 2(a), according to visibility conditions,
the entire scene can be split into a line-of-sight (LoS) re-
gion and a non-line-of-sight (NLoS) region, denoted by two
closed and compact sets: ΩLoS ⊂ R3 and ΩNLoS ⊂ R3.
The union of these two regions defines the Unified Line-of-
Sight and Non-Line-of-Sight (ULoS) domain:

ΩULoS = ΩLoS ∪ ΩNLoS. (7)

Fig. 2(b) illustrates the ULoS scene. We represent the
scene as a series of nested, closed, and compact sets in
three-dimensional Euclidean space. Let M1, . . . ,Mn ⊂ R3

be such that

Mn ⊂ int(Mn−1) ⊂ · · · ⊂ int(M1) ⊂ int(ΩULoS), (8)

where int(·) denotes the interior of a set.
The spatial region between two consecutive layers Mi

and Mi+1 is defined as

Ri,i+1 =
{
x ∈ R3

∣∣x ∈ int(Mi), x /∈ int(Mi+1)
}
, (9)

The outermost region is defined by

R0,1 = {x ∈ R3 | x ∈ ΩULoS, x /∈ int(M1)}.

The boundary of each intermediate region is the union of its
two layer surfaces:

∂Ri,i+1 = ∂Mi ∪ ∂Mi+1. (10)

The observer is set outside the outermost domain ΩULoS.
From Eq. (8), the outermost set M1 fully contains all inner
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Figure 3. Illustration of lensless sampling and ULoS lensless ren-
dering. Gray rays represent the primary sampling direction, while
the orange ray indicates the actual ray pointing from the antenna.
For ULoS lensless rendering, we exploit the fact that the vision-
trained SDF and RF-trained ULoS SDF share identical values in
the LoS region (shaded), allowing us to use the vision-trained SDF
to adjust the accumulated transmittance.

subsets. Therefore, its boundary ∂M1 blocks visible light
and defines the limit of optical visibility. Consequently, the
line-of-sight region is given by ΩLoS = R0,1, while the non-
line-of-sight region corresponds to all nested layers within
the box: ΩNLoS =

⋃n
i=1 Mi = M1.

ULoS SDF Vision-based neural geometry reconstruction
methods [30, 43] represent scenes using a Signed Distance
Function (SDF) fv , which clearly distinguishes between the
inside, outside, and surface of objects. However, RF sig-
nals interact with the environment in fundamentally differ-
ent ways. The traditional binary notion of “inside” and “out-
side” becomes ambiguous, especially across multiple lay-
ers, as NLoS regions can still be partially transparent to RF
signals. To address this, we introduce a unified Signed Dis-
tance Function tailored for both LoS and NLoS RF propaga-
tion, denoted as the ULoS SDF. We denote this RF-specific
distance field as fr throughout our formulation.

We define the “negative” (or interior) region for a given
medium as the set of points that impose a strong radio fre-
quency interaction against the propagating field, and the
“positive” (or exterior) region as the set of points with a
weak radio frequency interaction. For example, Fig. 2(b)
shows a simple case of an object inside a box. The scene
contains three surfaces: the outer surface of the box, the in-
ner surface of the box, and the surface of the object. The
region between the box surfaces and the interior of the ob-
ject is assigned negative values, while all other regions are
positive.

Formally, the sign of the ULoS SDF is determined by the
relative interference coefficient:

sign(f(x)) =

{
−1, if Ri,i+1 is strong interaction,

+1, if Ri,i+1 is weak interaction.

To maintain continuity and geometric consistency across



multi-layered boundaries, the signed distance for each re-
gion Ri,i+1 is defined as the minimum Euclidean distance
to its nearest bounding surfaces:

f(x) =


sign(f(x))min

(
d(x, ∂Mi),

d(x, ∂Mi+1)
)
, x ∈ int(Ri,i+1),

0, x ∈ ∂Ri,i+1,
(11)

where d(x, ∂Mi) is the Euclidean distance from x to the
surface ∂Mi. This unified formulation preserves geomet-
ric continuity while maintaining physically meaningful sign
semantics for each modality.

4.2. ULoS Lensless Rendering
It is important to note that the terms Φs(fNLoS(x(us))) and
Φs(fNLoS(x(u

′
s))) in Eq. 6 are excluded from the backprop-

agation process due to their high computational cost. This
omission, however, introduces errors in gradient propaga-
tion, leading to suboptimal optimization. Moreover, these
terms exhibit a significant bias during network initializa-
tion, resulting in skewed transmittance adjustment in the
early stages of training.

This problem is particularly challenging in NLoS scenes,
where limited signal visibility makes stable optimization
difficult. However, in the ULoS setting, additional geo-
metric information from the LoS domain can play a crucial
role. As illustrated in the shaded region of Fig. 3, the vision-
trained SDF and the RF-trained ULoS SDF share identical
values outside the box region R0,1:

fv(x) = fr(x), x ∈ R0,1. (12)

Since the starting points of the primary rays lie in free
space outside the enclosing box, the SDF and the ULoS
SDF are equivalent at these locations. By initializing the
ULoS SDF at these starting points using a well-converged,
vision-pretrained neural reconstruction, we provide a stable
prior for training with RF signals, leading to faster conver-
gence and improved consistency.

4.3. Overall Pipeline
The overall pipeline is illustrated in Fig. 4. We perform
the unified reconstruction in the following way: (1) We first
train the SDF of the exterior of the box using NeuS [43]. Af-
ter training, the vision model is fixed for the remainder of
the pipeline. (2) Then we move onto RF reconstruction, and
begin with lensless sampling strategy to generate point sam-
ples in space. (3) Each sampled point is then processed by
three sub-networks: the SDF Network, the Reflectivity Net-
work, and the Signal Power Prediction Network. Where the
SDF Network is initialized with the vision-pretrained SDF
and is used to predict the ULoS SDF, which is then used
to compute opacity and transmittance. The Reflectivity and

Signal Power Networks estimate surface reflectance and re-
ceived signal power, respectively. (4) From the outputs of
the sub-networks, the ULoS Lenless Rendering module ex-
plained in Sec. 4.2 simulates the received antenna signal.
Within this module, the vision-pretrained SDF is used to
adjust the transmittance rather than relying on the model
under training. (5) Finally, a differentiable matched filter is
applied to render the matched filter heatmap, and the loss is
computed between the rendered and ground-truth heatmaps.

However, after this pipeline, the reconstructed surface
still suffers from inaccuracies and an incorrect zero-level
set of the SDF. This issue, known as the surface ambiguity
problem [11], arises from the inherent difficulty of normal-
izing radar signal strength. To address this, we introduce a
second-stage training process, described in detail in Sec. 5.

5. The Surface Ambiguity Problem
The surface ambiguity problem [11] arises from the inher-
ent difficulty of normalizing the radar signal strength. Un-
like RGB images in LoS scenes, where light intensity is
pre-normalized to the range [0, 1], radar signals cannot be
normalized in the same way due to their strong dependence
on scene geometry, material properties, and signal attenu-
ation. As a result, the reflectivity, predicted signal power,
and the zero-level surface of the SDF become mutually en-
tangled variables. Without additional constraints or exter-
nal information, the network cannot uniquely determine the
correct surface configuration, leading to an incorrect zero-
level SDF definition and inaccurate surface geometry.

5.1. Relative Signed Distance Function
To facilitate analysis, we adopt the relative signed distance
function (RSDF) [11], denoted by g(x), which is defined as
the SDF offset by some unknown constant. The gradient
of the RSDF is identical to that of the conventional signed
distance function (SDF) f(x):

∇f(x) = ∇g(x), ∀x ∈ Ω. (13)

Our objective is for the RSDF to converge to the true SDF,
i.e.,

f(x) = g(x), ∀x ∈ Ω.

To formalize this equivalence, we present the following
proposition.
Proposition. Let f, g : Ω → R be two continuously differ-
entiable scalar fields defined on a connected region Ω ⊂ R3.
If the following two conditions hold:
1. ∇f(x) = ∇g(x) for all x ∈ Ω, and
2. f(x) = g(x) for all x on a closed surface S ⊂ Ω,
then

f(x) ≡ g(x), ∀x ∈ Ω.

Proof. Define h = f − g. Since ∇f = ∇g, it follows
that ∇h = 0 for all x ∈ Ω. A differentiable scalar field
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Figure 4. Overall pipeline. Top: The vision-pretrained SDF on the outside of the box. Bottom: The training pipeline for RF signals. The
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to adjust transmittance in the ULoS Lensless Rendering module. In the second stage, we use the vision-pretrained SDF to align the relative
SDF, thereby addressing the surface ambiguity problem.

with zero gradient on a connected domain must be constant;
hence h = C for some C ∈ R. From condition (2), f(x) =
g(x) for all x ∈ S, implying C = 0. Therefore, h(x) = 0
for all x ∈ Ω, and thus f ≡ g throughout Ω.

Condition (1) is directly satisfied by the definition of the
RSDF. Therefore, it remains to ensure that the RSDF de-
rived from radar signals, denoted by gr(x), matches the
corresponding SDF, fr(x), on a closed reference surface
S ⊂ ΩULoS.
Observation. Within the LoS region R0,1, the RF-trained
SDF and vision-trained SDF coincide, i.e., fr(x) = fv(x).

5.2. Relative Signed Distance Function Alignment
Our objective is to enforce equality between the RF-trained
RSDF and the vision-trained SDF on a selected closed sur-
face SLoS ⊂ R0,1, such that

gr(x) = fv(x), ∀x ∈ SLoS.

As shown in Fig. 5, for implementation convenience, we
choose SLoS = ∂M1, that is, the outer surface of the box,
as the reference surface for alignment. The corresponding
optimization objective is defined as

LRSDF = min
gr

Ex∈∂M1

[∣∣gr(x)− fv(x)
∣∣]. (14)

However, in practice, directly sampling on the surface
∂M1 and supervising the SDF values can be difficult and
may lead to unstable training. Since the alignment only re-
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Figure 5. Illustration of RSDF alignment. In the LoS region
(shaded area), the vision-pretrained SDF coincides with the RF-
trained ULoS RSDF. Therefore, the target of RSDF alignment be-
comes aligning the outer surface of the box, which can further be
reduced to aligning the depth along the primary ray.

quires consistency of the reconstructed surfaces, a more sta-
ble alternative is to supervise the depth along primary rays.
Primary Ray Depth. Let xant denote the antenna position
and ωp the ray direction. The expected depth along the pri-
mary ray for vision and RF modalities is expressed as

d(xant, ωp) =

∫ ∞

0

u ρ(u)T (u) du (15)

where ρv and Tv are derived from the vision-trained SDF
fv , and ρr and Tr are derived from the RF-trained RSDF
gr. The final RSDF alignment loss is defined as

LRSDF = Exant

[∣∣dv(xant, ωp)− dr(xant, ωp)
∣∣]. (16)



5.3. Optimization Target
Directly training with RSDF alignment can make it difficult
to reconstruct the NLoS geometry due to optimization in-
stability. To address this, we disentangle the optimization
process into two stages. In Stage 1, as shown in Fig. 4, we
freeze the Reflectivity Network and set its output to 1.0 for
all positions. We apply only the ULoS Lensless Rendering
module, and the optimization target becomes:

L = LMF + λGRAD LGRAD. (17)

The matched-filter power loss is defined as:

LMF = Ex

[∥∥P̂ (x)− P (x)
∥∥], (18)

where P and P̂ denote the predicted and ground-truth
matched-filter power in Eq. 3, respectively. The Eikonal
regularization term [14] is applied to sampled points and
defined as:

LGRAD = Ex

[(
∥∇gr(x)∥2 − 1

)2]
, (19)

where gr denotes the RF-trained SDF field.
In Stage 2, we train all networks jointly and apply RSDF

alignment. Thanks to the stable initialization from Stage
1, there is no need to use ULoS Lensless Rendering in this
stage. The overall training objective combines the matched-
filter loss, RSDF alignment loss, and gradient regulariza-
tion:

L = LMF + λGRAD LGRAD + λRSDF LRSDF. (20)

The RSDF alignment loss LRSDF is defined in Eq. (16).

6. Assessment
6.1. Experiment Setup
Dataset We train and evaluate our system on a multi-view
radar and camera image dataset. Data was captured with
a Franka Research 3 equipped with TI’s AWR1843BOOST
evaluation board [41].The object was placed on a 360◦ ro-
tation plate, with 10◦ of rotation between each radar image.
Ground truth comparison of the NLoS object for quantita-
tive results was collected with Scaniverse [42].
Training Details Our model was trained using a NVIDIA
H100 GPU for 100,000 iterations over 48 hours. More de-
tails will be included on the experimental setup and training
parameters in the supplementary material.
6.2. Results
We compare our system with three baselines: vision-based
NeuS [43], Matched Filter (MF) imaging, and NLoS recon-
struction GeRaF [28]. For NeuS, we train the object and
box separately due to occlusion. For the Matched Filter,
we sum outputs across views, threshold the heatmap, and
apply Poisson surface reconstruction. We show results for

Stage 1 𝝀𝑹𝑺𝑫𝑭 = 𝟎. 𝟎 𝝀𝑹𝑺𝑫𝑭 = 𝟎. 𝟓 𝝀𝑹𝑺𝑫𝑭 = 𝟏. 𝟎

𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm

Figure 6. Ablation study on different values of λRSDF. The first
column shows Stage 1 results. The top row visualizes surfaces at
the zero-level set of the SDF, while the bottom row shows a cross-
sectional slice of the SDF.

Table 1. Quantitative results (*different box).

Object
F1↑ CD (mm)↓

MF GeRaF Ours MF GeRaF Ours

Bunny 0.329 0.822 0.962 4.24 0.28 0.15
Bunny* 0.790 0.859 0.964 2.87 0.28 0.12
Elephant 0.517 0.77 0.845 9.9 0.41 0.24
Elephant* 0.607 0.568 0.734 1.69 1.11 0.47
Deer 0.550 0.643 0.786 1.20 0.45 0.24
Chicken 0.376 0.869 0.941 6.19 0.21 0.14
Boat 0.595 0.684 0.779 0.93 0.47 0.43
Ball 0.389 0.560 0.753 1.42 0.94 0.52

both Stage 1 and Stage 2 of our system. Quantitative results
are calculated using the F1-Score(τ = 0.015) and Cham-
fer Distance (in millimeters), the box is cropped out of the
point clouds for evaluation; the method is described in de-
tail in the supplementary material.
Baseline Comparisons Quantitative results are shown in
Tab. 1. Our system shows clear improvements in both F1-
score and Chamfer distance (CD) over both the matched
filter and GeRaF. It is notable that when the Matched Fil-
ter result has a high F1-score or CD both GeRaF and our
system report higher scores.

Qualitative results are shown in Fig. 7 and both stages of
our system achieve the best RF reconstruction results, out-
performing the Matched Filter and GeRaF [28], and closely
matching the vision-based reconstruction. Unlike GeRaF,
which often shows artifacts or fails to capture surfaces cor-
rectly, our system produces clean and accurate geometry
due to the ULoS representation and ULoS rendering. No-
tably, Stage 2 benefits from RSDF alignment, enabling the
surface to be extracted precisely at the SDF zero-level,
something all baselines fail to do. This not only removes
the need for manual thresholding but preserves fine details
such as the elephant’s tusks, the chicken’s comb, the deer’s
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Figure 7. Qualitative results between vision-based NeuS [43], point cloud-based reconstruction using matched filter, non-line-of-sight
reconstruction with GeRaF [28], and our system in Stage 1 and Stage 2. ∗For NeuS, the object and box are captured separately visualized
together via post-processing. For GeRaF and Stage 1, the surface level gr is manually selected (indicated in the visualization).

antlers, and the ball’s top.
Ablation Study on RSDF Alignment In Fig. 6, we show
the impact of RSDF alignment during Stage 2. All visu-
alizations display surfaces extracted at the zero level set of
the SDF. Without alignment (i.e., λRSDF = 0), the recon-
structed surface is significantly offset from the zero level.
As we increase λRSDF, the surface gradually converges to-
ward the correct zero level, demonstrating the effectiveness

of RSDF alignment in resolving surface ambiguity.

7. Conclusion
In this paper, we present a unified neural reconstruction
framework that bridges LoS and NLoS regions for 3D re-
construction. By incorporating LoS geometry, as a physical
prior into the neural field formulation, our method estab-
lishes a consistent link between visible and hidden surfaces,
stabilizing optimization and improving reconstruction.
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Supplementary Material Organization
We include the following items in the supplementary mate-
rial:
1. Video: seeing through box demo.mp4.
2. Section 8: Training parameters and data collection setup.
3. Section 9: Additional ablation studies and novel view

synthesis results.
4. Section 10: Detailed technical background information.
5. Section 11: Limitations and future research directions.

8. Experiment Details
Experiment Setup The antenna arrays are emulated using
synthetic aperture radar (SAR), achieved by moving a radar
sensor mounted on a robotic arm across multiple 2D planes
around the object. We simulate 36 distinct scanning poses,
covering angles from 0◦ to 350◦ in 10◦ increments. Each
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Figure 8. Ablation study on ULoS Lensless Rendering. We com-
pare SDF slices of our Stage 1 baseline (bottom) with a variant that
does not leverage the vision-trained SDF (top) during early train-
ing iterations on the bunny object. Red indicates positive values,
blue indicates negative values, and white represents the surface
(zero level set).

scan covers an area of 0.14m×0.25m with antenna spacing
of approximately λ

4 . The object is positioned approximately
0.3m away from the radar. The radar operates with a total
chirp bandwidth of approximately 4GHz.
Training Setup For vision, we follow all training settings
from NeuS [43], including model parameters, resolution,
and training strategy.

For radio frequency, the SDF Network is implemented
as an MLP with 8 layers and a hidden dimension of 256.
We apply sinusoidal positional encoding with 10 frequency
levels as input. The Reflectivity Network is implemented
as an MLP with 4 layers and a hidden dimension of 256.
Signal power prediction is implemented as a single trainable
scalar parameter.

We train our model for 100,000 iterations per stage
(Stage 1 and Stage 2) over 48 hours on an NVIDIA H100
GPU, using mmDetection3D [9] as the codebase. In
Stage 1, we freeze the Reflectivity Network and initialize
it to output a constant value of 1.0. In Stage 2, all parame-
ters are trained jointly.

We use an initial learning rate of 1×10−3; however, due
to the sparsity of the input, the learning rate for the SDF
Network is reduced to 1 × 10−4. Training is performed
using the AdamW optimizer with cosine annealing learning
rate scheduling.
Metric Calculation We used the Chamfer distance and the
F1-score (evaluated with a threshold of τ = 0.015) for
comparing our system to GeRaF and the Matched Filter.
Both metrics evaluate how similar two 3D point clouds are.
For mesh-to-point-cloud conversion, we uniformly sample
10,000 points from each mesh corresponding to the three
candidate methods. We then rigidly align the matched-filter
point clouds to the camera baseline, and align our outputs
point clouds to the same reference.

Stage 1 Stage 2 iter: 1k Stage 2 iter: 5k Stage 2 iter: 10k

𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm 𝑔𝑟 = 0 mm

Figure 9. Effect of RSDF alignment during training, from Stage
1 (initialization) to 10,000 iterations. We show 3D reconstruction
results (top) and SDF slices (bottom) of the bunny object, taken at
Stage 1, and at 1,000, 5,000, and 10,000 iterations of Stage 2. Red
indicates positive SDF values, blue indicates negative values, and
white denotes the surface (zero level set).

The Chamfer distance is computed by, for each point in
one cloud, finding its nearest neighbor in the other cloud
and computing the squared distance. The final Chamfer
distance is obtained by averaging these distances in both
directions and summing the results.

The F1-score is computed by finding, for every point in
one point cloud, the nearest point in the other cloud, and
repeating this process in reverse. Precision (P) and Re-
call (R) are defined as the fractions of nearest-neighbor dis-
tances that fall below τ . The F1-score is then given by
F1 = 2 · (P · R)/(P + R).

9. Additional Experiments
9.1. Visualization in Video
To better demonstrate the geometry reconstruction results,
we provide a video seeing through box demo.mp4
showcasing all of our outputs.

9.2. Ablation Studies on ULoS Lensless Rendering
In Fig. 8, we compare the effect of ULoS Lensless Render-
ing. This module leverages the vision-trained SDF as guid-
ance to adjust the accumulated transmittance. We visualize
a slice of the SDF during the early stage of Stage 1 training
on bunny to observe the impact on convergence. With this
guidance, the results shown at the bottom of Fig. 8 demon-
strate faster and more accurate shape formation for both the
box and the object.

9.3. Additional Ablation Studies on RSDF align-
ment

We include additional ablation studies. In Fig. 9, we visu-
alize the reconstruction results and SDF slices during Stage
2 training on the bunny inside the box. With the help of pri-
mary depth supervision from the vision-trained SDF, RSDF



alignment quickly brings the zero level set to the correct
surface within only 10,000 iterations.

In Fig. 10, we show additional ablation studies on RSDF
alignment. We compare the SDF slice for different ob-
jects. without RSDF aligmnent, the RF-trained SDF is not
achieved the correct level while the shape is also incor-
rect. However, with help the RSDF alignment, it not only
achieved zero level set, the shape is also correct.
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Figure 10. Ablation study on RSDF alignment. We show both 3D
reconstruction results and SDF slices. (a) shows the results from
Stage 1, and (b) shows the results after Stage 2 training.

In Fig. 10, we present additional ablation studies on
RSDF alignment by comparing SDF slices for different ob-
jects. Without RSDF alignment, the RF-trained SDF fails to
reach the correct zero level set, and the reconstructed shape
is also inaccurate. In contrast, with RSDF alignment, the
surface converges to the correct zero level set and the over-
all shape reconstruction is significantly improved.

9.4. Novel View Synthesis
Similar to NeRF [29], our model also supports novel view
synthesis (NVS) on radar imaging signals. To evaluate this

capability, we remove antenna planes at angles 0◦, 90◦,
180◦, and 270◦ from the training set and include them
in the evaluation set. Fig. 11 shows NVS results for the
bunny object, demonstrating that our framework success-
fully achieves a close match with the ground truth.

10. Radio Frequency Background
10.1. Radar Basics
A mmWave radar works by transmitting a wireless signal
(chirp) and receiving back the reflections that come from
various reflectors in the scene. In this case, the transmitter
and receiver are collocated, meaning they are side by side. It
operates in the millimeter-wavelengths frequency bands at
77 GHz, and uses Frequency Modulated Continuous Wave
(FMCW) and antenna arrays to help resolve spatial ambigu-
ity. To resolve range ambiguity, the received chirp is multi-
plied with the conjugate of the transmitted chirp and can be
expressed as a complex function:

s(t) = A · e−j2π(f+kt)d/c = A · e−(j2πkτ)t · e−j2πfτ (21)

where A is the signal amplitude, d is the round-trip prop-
agation distance, c is the speed of light, τ = d/c is the
round-trip delay, f is the starting frequency, and k is the
chirp slope. For multiple reflectors, we simply receive the
linear combination of all the reflections.

10.2. Free-space Power Decay
In free space, the power of a radio frequency signal is in-
versely proportional to the square of the distance it travels
due to spherical spreading. We consider the round-trip path,
where the signal travels from the transmitter to a point in
space and then reflects back to the receiver, then decay is
even more pronounced [33]. This is known as round-trip
free-space path loss, and the power decay factor reflected
from distance u is given by:

Prx ∝
1

(4πu)4
Ptx (22)

This expression accounts for two instances of inverse-
square spreading: one during transmission to the point and
another during reflection back to the receiver. As such, the
received power decreases proportionally to 1/u4 (amplitude
would be by a factor of 1/u2).

10.3. Distance
Radio frequency signals are modeled differently based on
the distance the transmitter and receiver are relative to the
reflectors in the scene. Commonly, this is referred to as
near-field (when the objects are in much closer to the trans-
mitter/receiver pair compared to the wavelength of the radio
frequency signal) and far-field (when the objects are much
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Figure 11. Novel view synthesis on antenna planes at 0◦, 90◦, 180◦, and 270◦. For each view, we show the corresponding reference image
from the vision modality for comparison. The orange arrow indicates the incoming signal direction. The 3D matched filter results are
projected onto the three axes using maximum intensity projection.

further compared to the wavelength). In our system, the ob-
ject is much closer to the transmitter and receiver, as com-
pared to the wavelength, meaning when the signals from the
antenna array meet the object, the waves cannot be mod-
eled as parallel. In other words, the direction of the RF
signal from different parts of the antenna array will have
vastly different directions. As compared to when the ob-

ject is very far, then the waves can be modeled as parallel
to each other [33], which significantly simplifies the radar
heatmap reconstruction. This is because when the waves are
assumed to be parallel we can reuse filter weights, and use
Fourier Transforms to speed up the computation time [3].
On the other hand, in the near-field, we must use more ac-
curate reconstruction methods (e.g. Matched Filter) which



significantly increases the computational complexity of the
system.

10.4. Differentiable Matched Filter & Signal Trac-
ing

We have the forward path of the Matched Filter:

P (xj) =

∥∥∥∥∥
Nant∑
i=1

∑
t

s(i, t) · ej2πkτit · ej2πfτi
∥∥∥∥∥ ,xj ∈ Ωpts,

The backpropagated gradient to the signal s(i, t) is given
by:

∂L

∂s(i, t)
=

∑
xj∈Ωpts

1

P (x)
· ∂L

∂P (x)
·e−j2πkτit·e−j2πfτi (23)

Signal Tracing forward path is defined by,

s(i, t) =
∑

xj∈Ωpts

Arx(xj) e
−j2πkτjt e−j2πfτj ,

The backpropagated gradient to the amplitude Arx(xj) is
given by:

∂L

∂Arx(xj)
=

Nant∑
i=1

∑
t

∂L

∂s(i, t)
· ej2πkτit · ej2πfτi (24)

10.5. Code Implementation
Differentiable Matched Filter Both the forward and back-
propagation of the matched filter are implemented in CUDA
for parallel computation. The pseudo-code is shown in
Alg. 10.5.

[H] [1] Forward: Input signal s(i, t) where i =
0, . . . , Nant − 1, t = 0, . . . , Nt − 1; sampling points xj

where j = 0, . . . , NrayNs−1 Parallel j = 0, . . . , NrayNs−1
P (xj)← 0 i = 0, . . . , Nant−1 t = 0, . . . , Nt−1 P (xj)←
P (xj)+ s(i, t) · ej2πkτit · ej2πfτi P (xj)← ∥P (xj)∥ Out-
put: P (xj) for all j [2] Backward: Gradient of matched

filter power ∂L
∂P (xj)

for j = 0, . . . , NrayNs − 1; Input sig-
nal s(i, t) where i = 0, . . . , Nant − 1, t = 0, . . . , Nt − 1;
Sampling points xj where j = 0, . . . , NrayNs − 1 Parallel
i = 0, . . . , Nant − 1 Parallel t = 0, . . . , Nt − 1 ∂L

∂s(i,t) ← 0

j = 0, . . . , NrayNs − 1 ∂L
∂s(i,t) ←

∂L
∂s(i,t) +

1
P (xj)

· ∂L
∂P (xj)

·
e−j2πkτit · e−j2πfτi Output: ∂L

∂s(i,t) for all i, t
Signal Tracing Both the forward and backpropagation of
signal tracing are implemented in CUDA using parallel
computation. The pseudo-code is shown in Alg. 10.5.

[H] [1] Forward: Sampling points xj where
j = 0, . . . , NrayNs − 1; Amplitude Arx(xj) where j =
0, . . . , NrayNs − 1 Parallel i = 0, . . . , Nant − 1 Parallel
t = 0, . . . , Nt − 1 s(i, t) ← 0 j = 0, . . . , NrayNs − 1

Ground Truth Ours𝟏𝟎° 𝟐𝟎° 𝟑𝟎° 𝟔𝟎°
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s(i, t) ← s(i, t) + Arx(x) · e−j2πkτit · e−j2πfτi Out-
put: s(i, t) for all i, t [2] Backward: Gradient of signal

∂L
∂s(i,t) for i = 0, . . . , Nant − 1, t = 0, . . . , Nt − 1 Sam-
pling points xj where j = 0, . . . , NrayNs − 1 Parallel
j = 0, . . . , NrayNs−1 ∂L

∂Arx(xj)
← 0 i = 0, . . . , Nant−1 t =

0, . . . , Nt−1 ∂L
∂Arx(xj)

← ∂L
∂Arx(xj)

+ ∂L
∂s(i,t) ·e

j2πkτit ·ej2πfτi

Output: ∂L
∂Arx(xj)

for all j

11. Future Work
Materials Our system currently shows results for objects
that are primarily metal. This means the reflections we ex-
pect from the inner surface we are reconstructing reflect
very clearly through the box. On the other hand, for objects
which are made of a material which reflects much weaker
than the box itself, may produce too noisy of matched fil-
ter heatmaps for our system to properly reconstruct the in-
side, because of the more complex RF interactions. Deal-
ing with this requires adjusting the radar reflection model as
well as the transmittance model. Additionally, future work
will look into objects made of a composition of different
materials.
Radar Scanning Methods If there was a point that existed
on the surface of the object, which never reflect at all back
to the radar in any of the scans taken, then the network has
no way of truly recreating a point in that location, because it
has never received any information from that location. Fu-
ture work is required to deal with unseen surfaces, and more
comprehensive scanning methods.
Computational Complexity The computational cost of RF
rendering still remains significantly higher compared to
vision-based rendering. Future work should explore how to
achieve 3D space sampling with computational complexity
comparable to that of 1D ray-based sampling, to improve
the efficiency of RF differentiable rendering.

12. Rebuttal Stuff
12.1. Scanning Plane Ablation
In the main paper, we use 36 measurements per object, with
a 10◦ angular interval between viewing directions. To ad-
dress the reviewer’s question, we include an ablation study



evaluating reconstruction quality. Fig.(C) shows evaluation
against varying measurement densities using 20◦, 30◦, and
60◦ intervals. s The results show that our method main-
tains strong reconstruction quality even with heavily re-
duced data. Using only 1/6 of the measurements (60◦) still
recovers the overall geometry, though some regions (such
as the bunny’s back) are missing. Given the minor perfor-
mance drop, certain applications benefit from lower training
times while preserving an acceptable reconstruction quality.

12.2. Non-Specular Objects
The reviewer brings up an important point that our network
is geared towards specular objects. While our formulation
proposed uses a specular-reflection model, it can handle
some diffusion because our ray tracer uses a small angular
spread around the specular direction. To demonstrate this,
we provide an initial result for a 3D printed bunny (PLA)
in Fig.(D), showing consistent performance for this mate-
rial type. While this model is sufficient for the objects and
materials tested, it doesn’t necessarily capture all surface
complexities. We acknowledge that future work will require
power attenuation adjustment in the network or learning of
the diffusion pattern based on material/texture to account
for more diffused materials or a composite of materials. We
will include more results and a discussion in the updated
paper.

12.3. Non-Empty Boxes
Reviewers point out that our system uses the outermost ge-
ometry to resolve uncertainty and this may not resolve un-
certainty introduced by all occlusions. While it is true that
internal occlusions and layers increase the noise and com-
plexity of the reconstruction, the outer geometry is the most
informative prior physically obtainable in this setting. Nev-
ertheless, we believe as long as a non-negligible part of the
wireless signal is reflected from the target object through the
layered occlusions, our method remains capable of recover-
ing the internal surface, albeit with some degradation. In
Fig.(A), we evaluated our system with nested boxes around
the object. In the SDF plot, we can see both boxes’ zero
level sets and the object. We also visualize the reconstructed
bunny, and though there is some degradation from the low-
ered signal power received we believe the overall shape is
still recognizable. Fig. (B) shows the bunny with very little
degradation when the box is filled with bubble wrap. We
will add more complex occlusion results, including these,
and a discussion of limitations and future directions to the
paper.

12.4. Running Time
The running time of our system is a For comparison, the
matched-filter takes roughly 40 minutes to process each of
the 36 ground-truth images at 1 mm resolution. Compared

to existing neural RF imaging baseline GeRaF [26], which
report training times near 32 hours per scene, our pipeline
offers a similar efficiency. As neural RF representations
are an emerging field, we believe that optimizing 3D space-
sampling and training efficiency is a vital direction for fu-
ture work. We will include a discussion on complexity and
efficiency benchmarks in the paper.

12.5. Radar Sim
We thank the reviewers for their literature recommenda-
tions. R.bn5s: We will incorporate the suggested works on
around-the-corner imaging [A, ...] to provide a more com-
prehensive background on NLoS methodologies. R.BB4J:
It is true RadarSim [B] was not public before submission,
we will discuss its contributions to radar-camera fusion in
autonomous driving environments and BRDF-based radar
modeling in the paper.

12.6. Failure to Reconstruct Visible Surface
The box textures visible in the main paper were used for
radar-camera calibration, however this is a one time calibra-
tion and is just required to get the radar and the camera into
the same frame of reference. As demonstrated in Fig. 6 of
the manuscript, a failure in the vision-derived SDF primar-
ily causes an ambiguity in the absolute zero-level surface
rather than a total loss of geometry. We will include this
discussion in the paper.
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