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Fig. 1. For the same driving scene, we show a radar-only reconstruction (left), our joint camera–radar CaRaFe model (center), and a camera-only Gaussian-
splatting reconstruction (right). The radar-only model fails to recover accurate elevation and misses many targets due to inconsistent radar reflectance. The
camera-only model suffers from scale ambiguity, smearing occupancy radially and warping scene geometry. CaRaFe yields a sharper, more geometrically
consistent 3D reconstruction by fusing both modalities: it inherits radar’s metric depth accuracy while retaining the camera’s high-frequency spatial detail.

Radar neural reconstruction methods have recently achieved robust 3D
scene occupancy from radar measurements alone, as they provide metric
depth and are insensitive to adverse weather and low light. However, while
these methods can recover some 3D geometry, their input radar data mixes
information across elevation into a 2D range-azimuth measurement. This
fundamentally limits their elevation resolution, especially in automotive
scenes with limited vertical baselines. Camera images offer the opposite
tradeoff: they contain strong, high resolution cues for object elevation but
struggle with accurate depth and in adverse conditions.
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Wepropose CaRaFe, amethod that leverages the complementary strengths
of camera and radar for 3D reconstruction in challenging urban settings.
CaRaFe employs a single multi-modal neural field, relying on conventional
novel view synthesis as a supervision signal. Radar supervision provides
a valuable geometric constraint to camera rendering that reduces shape-
radiance ambiguity, while camera supervision allows for more accurate ob-
ject elevation disambiguation and fewer missing structures in regions weakly
observed by radar. We validate CaRaFe across diverse in-the-wild driving
scenes, demonstrating favorable reconstruction quality over both radar and
cameramethods. Code for this paper is available at light.princeton.edu/carafe.
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1 Introduction
Large-scale outdoor scene reconstruction is essential for autonomous
vehicles and robotics. Accurate scene geometry supports down-
stream understanding, localization, and navigation. The majority of
work in this area [Chen et al. 2025; Guo et al. 2023; Rematas et al.
2022] relies on camera or LiDAR to recover scene geometry. How-
ever, recent advances in inverse rendering [Borts et al. 2024; Huang
et al. 2024; Kung et al. 2025] have made radar a powerful alternative
for reliable geometry reconstruction. These methods couple 3D data
structures with an explicit model of radar sensing to recover dense
3D occupancy, even for large outdoor scenes. This breakthroughwas
enabled by training on full range-azimuth or range-Doppler radar
measurements, leveraging the higher-resolution signal otherwise
absent from conventional sparse thresholded point clouds.

Automotive radars typically operate at mm-wavelengths – three
orders ofmagnitude larger than LiDAR– allowing for a robustness in
their measurements not seen in optical modalities. This is especially
true for adverse weather, like rain or fog, where the water particles
are smaller than the wavelength of the radar signal and introduce
minimal backscatter. Moreover, as an active sensor, radar directly
provides metric depth and can function in low-light environments
where passive sensors fail. Radar inverse rendering methods inherit
these strengths, recovering consistent scene scales and maintaining
performance in adverse weather and lighting.
However, most automotive radars are 2D frequency-modulated

continuous-wave (FMCW) sensors, which mix signals across ele-
vations into a flattened, range-azimuth scan. This limits the ability
of current radar-based scene reconstruction methods to recover
object elevation. The ambiguity is exacerbated in driving scenes,
where elevation diversity across measurements is limited. Some
approaches [Kung et al. 2025] prioritize robustness and novel view
synthesis quality, resulting in often “collimated” reconstructions
with limited elevation variance and tall objects. Another challenge
in radar-based reconstruction is the prevalence of unique and power-
ful sensor noise and artifacts not seen in camera and LiDAR. FMCW
radar measurements are prone to widespread speckle noise and
ghost targets from strong reflections or multi-path effects [Kopp
et al. 2021; Kraus et al. 2021; Kung et al. 2025], and objects are blurred
by spectral leakage and bloom in the signal processing chain.

In this work, we propose a novel method for radar neural recon-
struction that overcomes these limitations. We integrate camera
into our radar neural representation and optimization, leveraging
the rich spatial information and orthogonal plane of projection
of camera images to constrain object elevations and improve geo-
metric accuracy in our reconstructions. Informed by the insight
that radar and optical volumetric extinction are comparable at cen-
timeter scales and in urban environments, we introduce a novel
joint camera-radar radiance field. Our model combines the com-
plementary signals from both modalities into a shared geometric
representation without compromising the adverse weather robust-
ness of radar or high resolution of camera. Camera and radar share
the same positional features, volume density, and geometric features,
from which we perform both passive and active volume rendering
to separately reconstruct input measurements from both sensors.
We also introduce additional depth losses to supervise geometry

with either dense depth cues from pre-trained camera monocular
depth estimation models, or with reliable sparse depth cues from
radar measurements. We make the following contributions:

• We propose a novel multi-modal inverse rendering method
that recovers dense geometry from camera and radar mea-
surements in unbounded outdoor scenes.

• We introduce a joint camera-radar radiance field with shared
multi-modal volumetric density and geometric features, con-
ditioning separate sensor-specific reflectance heads.

• We validate our method on the Boreas and Radar Fields
datasets, and confirm across all tested scenes favorable per-
formance over both radar and camera-only methods.

2 Related Work
Radar Sensing. has become a core cue for perception in robotics,

maritime operations [Cheng et al. 2021], and autonomous vehi-
cles [Bijelic et al. 2020; Hwang et al. 2022; Wang et al. 2023a]. Its
millimeter-wave operation yields robustness to rain, fog, and other
weather particles, complementing optical sensors [Bijelic et al. 2020;
Hwang et al. 2022]. Recent work shows that radar can support dense
scene understanding—depth estimation [Lin et al. 2020], semantic
segmentation [Ouaknine et al. 2021; Zhang et al. 2023], scene flow
[Ding et al. 2023], and reliable object detection [Bijelic et al. 2020;
Hwang et al. 2022; Kim et al. 2023; Li et al. 2022]—and even enable
non-line-of-sight perception in the wild [Scheiner et al. 2020]. Cross-
modal fusion with cameras [Ding et al. 2023; Lin et al. 2020] and
LiDAR [Hwang et al. 2022; Li et al. 2022] further mitigates radar
sparsity and specularity, improving accuracy and range. Progress
has been accelerated by public datasets that expose raw and pro-
cessed radar signals with unified benchmarks [Brödermann et al.
2024; Caesar et al. 2020; Meyer and Kuschk 2019; Rebut et al. 2022].

Neural Rendering. has matured into a powerful tool for recon-
structing 3D structure from posed observations, delivering both
novel views and detailed geometry. Radiance-field models [Barron
et al. 2021; Chen et al. 2022; Mildenhall et al. 2020; Müller et al. 2022]
realize this by treating scenes as continuous volumetric functions
and optimizing them via volumetric rendering. Encodings span im-
plicit coordinates [Barron et al. 2021, 2022; Mildenhall et al. 2020;
Zhang et al. 2021], dense grids [Chen et al. 2022; Fridovich-Keil
et al. 2022; Yu et al. 2021], and hybrid data structures [Barron et al.
2023; Müller et al. 2022; Tancik et al. 2023], with numerous accelera-
tions for training and inference [Barron et al. 2023; Chen et al. 2022;
Müller et al. 2022; Yu et al. 2021]. Extensions to large, outdoor en-
vironments highlight persistent challenges under narrow-baseline,
trajectory-aligned data common in automotive setups [Barron et al.
2022; Guo et al. 2023; Kundu et al. 2022; Liu et al. 2023; Ost et al.
2022; Ramazzina et al. 2023; Tancik et al. 2022; Turki et al. 2023;
Wang et al. 2023b; Yang et al. 2023b; Zhang et al. 2020].

Scaling to street-scale environments introduces view-coverage
and parallax limitations from single-trajectory captures [Guo et al.
2023; Kundu et al. 2022; Liu et al. 2023; Ost et al. 2022; Wang et al.
2023b; Yang et al. 2023b], often mitigated by auxiliary LiDAR [Guo
et al. 2023; Hess et al. 2025; Ost et al. 2022; Rematas et al. 2022;
Tonderski et al. 2024; Turki et al. 2023], predicted depth [Deng et al.
2022; Guo et al. 2023; Roessle et al. 2022], flow [Meuleman et al.
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2023; Turki et al. 2023], or semantics [Kundu et al. 2022; Turki et al.
2023; Wang et al. 2023b]. While these methods utilize LiDAR and
camera data, we explore radar-camera data as a robust alternative.
Neural Scene Reconstruction for Active Sensing. has emerged in

parallel, proposing unique adaptations for sensors beyond conven-
tional cameras. This interest has been especially present in specific
domains, such as LiDAR [Huang et al. 2023; Zhou et al. 2025] or
Radar [Borts et al. 2024; Kung et al. 2025] for automotive scene re-
construction, maritime sonar reconstruction [Qu et al. 2024; Sethu-
raman et al. 2025], or thermal imaging with infrared sensors [Ye
et al. 2024]. Active sensor measurements are exposed to far stronger
sensor and environment noise and influenced by complex multi-
path effects, requiring high-fidelity sensor models coupled with
physics-inspired rendering. LiDAR and Sonar have seen an increas-
ing amount of work on multi-modal approaches that combine RGB
and active sensor reconstructions, either through intense physics-
inspired modeling efforts [Sethuraman et al. 2025; Turki et al. 2025]
or deep sensor feature decoders [Hess et al. 2025; Yang et al. 2023b],
while the integration of radar into a multi-modal reconstruction
pipeline still remains underexplored. Note that existing neural re-
construction methods [Borts et al. 2024; Kung et al. 2025] use radar
as the sole supervision modality.

3 Background
We review the principles of volume rendering for passive sensors
(Sec. 3.1) and outline a signal formation model for FMCW radar
(Sec.3.2). These form the basis of our proposed joint representation
(Sec. 4.1) and active volume rendering for radar (Sec. 4.2).

3.1 Multi-view Volumetric Rendering
A large body of existing work in neural rendering [Barron et al.
2023; Müller et al. 2022; Rematas et al. 2022] reconstructs scene
information by photometric reconstruction using volumetric ren-
dering. The scene is represented as a volume with density 𝜎 (x) that
defines the differential density of reflective particles at any scene
point x ∈ R3. For any ray r(𝑧) = o + 𝑧d with origin o, direction
d, and bounds

[
𝑧𝑛, 𝑧𝑓

)
, we can therefore define the accumulated

transmittance 𝑇 (𝑧) up to any distance 𝑧 along that ray,

𝑇 (𝑧) = exp
(
−
∫ 𝑧

𝑧𝑛

𝜎 (r(𝑡))𝑑𝑡
)
, (1)

which is the proportion of radiation that propagates through the
interval [r(𝑧𝑛), r(𝑧)) without hitting any particles. An appearance
field c(x, d) ∈ R3 is a vector-valued function that defines the view-
dependent camera-observable outgoing radiance, specific to a scene’s
illumination and camera. This allows us to compute the expected
color of that same camera ray with the volume rendering integral

C(r) =
∫ 𝑧𝑓

𝑧𝑛

𝑇 (𝑧)𝜎 (r(𝑧))c(r(𝑧), d)𝑑𝑧. (2)

Neural Radiance Fields [Mildenhall et al. 2020] use a discrete approx-
imation of this integral by partitioning the ray into 𝑁 piecewise-
constant bins and employing quadrature. Now, any ray passing
through bin 𝑖 with density 𝜎𝑖 and width 𝛿𝑖 has probabilities 𝛼𝑖 =
1 − exp(−𝜎𝑖𝛿𝑖 ) of terminating (opacity) and 𝑇𝑖 = 1 − 𝛼𝑖 of not ter-
minating within that bin. This reduces to alpha compositing as

Ĉ(r) =
𝑁∑︁
𝑖=1

w𝑖c𝑖 , w𝑖 = 𝛼𝑖

𝑖−1∏
𝑗=1

(1 − 𝛼 𝑗 ), (3)

and is broadly used to optimize radiance fields [Müller et al. 2022].

3.2 FMCW Radar Rendering
Frequency-modulated continuous-wave (FMCW) radars are active
sensors that continuously emit radio waves and measure time-of-
flight by correlating the original transmitted signal with the reflected
signal [Jankiraman 2018; Richards et al. 2010; Skolnik 2001]. They
modulate the frequency of the transmitted wave with a periodic
function, such that phase shifts induced by travel time directly
correspond to a frequency difference with the transmitted wave.
Correlating the spectrograms of the transmitted and received

waves recovers the “beat frequency”, or instantaneous frequency
difference. Taking its fast Fourier transform (FFT) yields the final
measurement: reflected power as a function of phase offset and
therefore range. Any frequency bin in the FFT corresponds to a
metric range bin along the emitted beam, and its power directly
depends on the reflected power from that range bin. This mea-
surement is a power-range profile that mixes multiple targets at
different ranges, all irradiated by the same diverging beam. Recent
work [Borts et al. 2024] leverages exactly these measurements for
dense 3D scene reconstruction, as their cm-level range resolution
offers more information than a conventional thresholded peak.
The received radar power 𝑃 (𝑅,𝝎) from a point target at range

𝑅 with view direction 𝝎 can be modeled using the radar equation
[Jankiraman 2018; Richards et al. 2010; Skolnik 2001] as

𝑃 (𝑅,𝝎) = 𝑃𝑡𝐺
2 (𝝎)𝜆2Σ(𝑅,𝝎)
(4𝜋)3𝑅4 , (4)

where 𝑃𝑡 is the transmitted power, 𝐺 (𝝎) is the angle-dependent
antenna gain, 𝜆 is the transmitted wavelength, and Σ(𝑅,𝝎) is the
radar cross-section (RCS) of the target.

RCS is ameasure of how strongly a target scatters electromagnetic
energy back toward a radar sensor [Knott et al. 2004; Skolnik 2001].
It is a compound function of target geometry, material properties,
as well as incident and reflected angles. For a point target, RCS can
be factorized as Σ = 𝜎𝜂, where 𝜎 is the volume density at that point
as defined in Sec. 3.1, and 𝜂 is its general radar scattering efficiency.
Note 𝜂 is the view-dependent product of target reflectivity and
directivity, while 𝜎 is solely a geometric quantity.
While Eq. 4 pertains to point targets, radar beams have a non-

negligible divergence. Therefore, to compute the total received radar
power 𝑃 (𝑅) at range 𝑅, we must integrate across the opening angle
of the beam, Ω𝑏 . The total RCS Σ(𝑅) at range 𝑅 can be expressed as

Σ(𝑅) =
∫
Ω𝑏

𝜎 (x)𝜂 (x,𝝎)𝑅2𝑑𝝎, x = r(𝑅), (5)

where 𝝎 = (𝜃, 𝜙) is a ray direction within the beam, and r(𝑅) =

o + 𝑅𝝎 is a ray starting from the radar frame’s origin o, pointing in
direction 𝝎, and evaluated at range 𝑅. We combine Eq. 5 with Eq. 4
to derive

𝑃 (𝑅) = 𝑃𝑡𝜆
2

(4𝜋)3𝑅2

∫
Ω𝑏

𝐺2 (𝝎)𝜎 (x)𝜂 (x,𝝎)𝑑𝝎, (6)
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where we weigh each ray’s contribution to the received power by
the antenna gain in the corresponding direction.

4 CaRaFe
We describe our joint camera-radar test-time optimization method
for 3D scene reconstruction. Specifically, we propose a shared neu-
ral field representation (Sec. 4.1), active sensor volume rendering
formulation for radar (Sec. 4.2), and depth supervision losses for
both camera and radar-based depth signals (Sec. 4.3).

4.1 Joint Neural Scene Representation
Camera and radar measurements offer complementary geometric
signals. Broadly deployed range-azimuth radars provide an accurate
measure of depth and azimuth, but do not constrain the elevations
of targets. Camera images have rich, high-resolution elevation infor-
mation for localizing and classifying targets, but ambiguous metric
depth for inferring their range. Existing radar reconstruction works
[Borts et al. 2024; Huang et al. 2024; Kung et al. 2025] do not leverage
camera data, while recent multi-modal reconstruction [Rafidashti
et al. 2025] learn separate per-modality feature decoders and do not
recover a single scene geometry. CaRaFe integrates both modalities
into the same joint radiance field and recovers a single shared neural
density that satisfies the geometric constraints of both sensors.

With separate density fields, structure can diverge into implausi-
ble geometries that overfit to their respective modalities. Instead,
optimizing a single density field encourages more accurate scene
reconstructions, as it must satisfy measurements from both sensors
simultaneously. By supervising CaRaFe with both camera and radar
measurement reconstruction losses, we preserve the robustness of
both sensors; radar geometry persists even when camera measure-
ments fail in fog or low light, while the high spatial resolution of
camera images is not lost by the coarse radar depth signal.

We define an implicit shared neural field to reconstruct both input
radar measurements and camera images of the same scene. The neu-
ral field f : (x, d) ↦→ (𝜎, 𝜂, c) is a function of scene position x ∈ R3

and view direction d ∈ R3, which maps them to shared volumetric
density 𝜎 , radar-specific scattering efficiency 𝜂, and camera-specific
color c. Input positions x are first mapped to positional features
𝜒 ∈ R32 with a multi-resolution hashgrid, while input directions
d are projected onto the first four spherical harmonics coefficients
D ∈ R4. The neural field is parametrized with three MLPs as

𝑓𝜎 : 𝜒 ↦→ (𝜎, fgeo),
𝑓𝜂 : (D, fgeo) ↦→ (𝜂0, 𝜉, 𝜅),
𝑓c : (D, fgeo) ↦→ c,

which comprise a shared geometry network 𝑓𝜎 and separate radiance
heads for camera, 𝑓c, and radar, 𝑓𝜂 . Here, the field component 𝑓𝜎
maps positional features to density and extracts geometric features
fgeo ∈ R16 that condition both per-sensor view-dependent radiance
heads. The field component 𝑓c directly regresses color, while 𝑓𝜂
parametrizes a von Mises Fisher distribution [Fisher 1953] on the
sphere with amplitude 𝜂0, sharpness factor 𝜅, and mean scattering
direction 𝝃 ∈ R3. From these parameters, we can recover 𝜂 at point
x as a function of d via

𝜂 (d) = 𝜂0𝜅

4𝜋 sinh(𝜅) exp(𝜅 (𝝃 · (−d))). (7)

We choose this parametrization for 𝜂 because it aligns well with the
specular lobes observed in radar sensing. Moreover, it constrains
the angular frequency of 𝑓𝜂 to mitigate shape-radiance ambiguity,
preventing geometric errors from being absorbed into 𝜂.

4.2 Volume Rendering for FMCW Radar
The radar rendering Eq. (6) assumes that there are no other objects
between the sensor and target. This results in inaccurate scene re-
constructions and affects the model’s ability to accurately resolve
elevation, as it could “cheat” by placing density in front of a tar-
get and occlude it without reducing its reflected power. Therefore,
we introduce a forward volumetric rendering model to derive the
occlusion-aware received radar power, 𝑃 ′ (𝑅), that is

𝑃 ′ (𝑅) = 𝑃𝑡𝜆
2

(4𝜋)3𝑅2

∫
Ω𝑏

𝐺2 (𝝎)𝑇 2 (𝑅)𝜎 (r(𝑅))𝜂 (r(𝑅),𝝎)𝑑𝝎, (8)

where we scale the RCS by the squared transmittance 𝑇 2 (𝑅), which
is the proportion of transmitted power that reaches the target at
distance 𝑧 and returns back to the radar. Note that, unlike the cam-
era volumetric rendering in Eq. (3), radar is an active sensor and
radiation attenuates both during travel to and from a target.
If we discretize each radar ray into 𝑁𝑏 piecewise-homogeneous

range bins, then we can compute 𝑇 2 (𝑅𝑖 )𝜎𝑖 at any bin 𝑖 with center
at range 𝑅𝑖 with

𝑇 2 (𝑅𝑖 )𝜎𝑖 = w𝑖 = 𝛽𝑖

𝑖−1∏
𝑗=1

(1 − 𝛽 𝑗 ), (9)

where we define the two-way probability 𝛽𝑖 of terminating within
bin 𝑖 as

𝛽𝑖 = 1 − exp(−2𝜎𝑖𝛿𝑖 ), (10)

where 𝛿𝑖 is the bin width. Note that 𝜎 is the same shared volume
density as in Sec. 3.1. We plug the discrete formulation of (9) into the
continuous version of (8) and additionally approximate the beam
integral by taking a discrete Monte Carlo estimate. This yields our
occlusion-aware discrete radar power model

𝑃𝑅𝑖 ∝
Ω𝑏

𝑅2
𝑖
𝑆

𝑆∑︁
𝑠=1

𝐺2 (𝜔𝑠 )w𝑅𝑖𝜂 (𝑧𝑠 , 𝜔𝑠 ), (11)

where we sample 𝑆 rays in the opening angle of the beam at 𝜔𝑠 .

Spectral Leakage Modeling. FMCW radars sample reflected beat
signals over a finite time interval𝑇 , which multiplies the continuous-
time signal 𝑠 (𝑡) by a window𝑤 (𝑡) and thus convolves its spectrum
with the window spectrum𝑊 (𝑓 ). This spectral leakage causes small,
cm-scale objects to spread across multiple FFT range bins.
For the Navtech scanning radar used in Boreas [Burnett et al.

2023] and Radar Fields [Borts et al. 2024], the range FFT internally
employs Hamming windowing, which we model as a broadening
step in our radar volume rendering. Let 𝑃ideal (𝑟, d) be the ideal
power-range profile for beam direction d. We approximate the com-
bined effect of finite integration, windowing, and electronics by a
one-dimensional radial blur kernel ℎ(𝑟 ) and render

𝑃blur (𝑟, d) =
∫

ℎ(𝑟 − 𝑟 ′) 𝑃ideal (𝑟 ′, d) d𝑟 ′ . (12)
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Camera Passive Rendering
360°

Radar Active Rendering

Joint Volume Density

Radar Radiance Head

Shared Geometry Representation

Camera Radiance Head

Radar Measurement Camera Image

Fig. 2. CaRaFe learns a joint neural scene representation with a geometric embedding fgeo. From this embedding and the viewing direction D, a radar head
𝑓𝜂 : fgeo ↦→ (𝜂0, 𝜁 , 𝜅 ) predicts radar radiance parameters, while a camera head 𝑓𝑐 : fgeo ↦→ c predicts RGB colors. For rendering, we cast rays along radar
beams and through camera pixels, sample points along each ray, and integrate the predicted scene response to reconstruct radar measurements (left) and
camera images (right), which both serve as supervision signals during training.

Following [Kung et al. 2025], we parameterize ℎ as a Gaussian and
experiment with learning its scale parameter 𝜎 , but find that setting
𝜎 according to manufacturer specs performs equally well.

4.3 Training
We train CaRaFe by jointly reconstructing radar and camera mea-
surements. We sample rays from both modalities, query the occu-
pancy field 𝑓𝜎 at points along each ray, predict pixel colors with
passive volume rendering according to Eq. 3, and calculate radar
range bin power with active volume rendering via Eq. 11. Training
minimizes the loss:

L = 𝜆𝐶L𝐶 + 𝜆𝑅L𝑅 + 𝜆𝐷L𝐷 + 𝜆regLreg, (13)

which includes a camera reconstruction loss L𝐶 , radar reconstruc-
tion loss L𝑅 , depth supervision loss L𝐷 , and regularization Lreg.

Reconstruction Losses. Our camera loss L𝐶 is the vanilla mean
squared error between predicted and ground-truth pixel colors

L𝐶 =
1
|C|

∑︁
r∈C



Ĉ(r) − C(r)


2
2 , (14)

where C is the set of all camera rays in a batch. The radar recon-
struction loss penalizes deviations of predicted power across distinct
range bins 𝑏 of each beam through

L𝑅 =
1

𝐵𝑅𝑁𝑏

𝐵𝑅∑︁
𝑖=1

𝑁𝑏∑︁
𝑏=1




𝑃𝑖𝑅𝑏 − 𝑃𝑖𝑅𝑏




2
2
, (15)

where 𝐵𝑅 is the number of sampled radar beams per batch and 𝑁𝑏

is the number of range bins per beam, each at range 𝑅𝑏 .

Depth Supervision Losses. CaRaFe can be supervised with dense
depth signals L𝐷 = L𝐷1 + L𝐷2 , such as from camera depth foun-
dation models L𝐷1 and radar data L𝐷2 . We draw inspiration from
[Rematas et al. 2021] and leverage a free-space density loss

L𝐷1 =
1

|C|𝑁
∑︁
r∈C

D(r)
𝑁∑︁
𝑖=1

𝜎𝑖 · 1 (𝑧𝑖 ∉ [z − 𝜖, z + 𝜖]) , (16)

where 𝑧𝑖 is the depth of sample bin 𝑖 , z is the estimated depth for that
supervised ray, D(r) is a per-ray binary depth supervision mask,
and 𝜖 is a tunable window hyperparameter.

Intuitively, L𝐷1 suppresses floaters and radar ghost targets by dis-
couraging CaRaFe from placing density outside an 𝜖-neighborhood
of the input dense depth. We increase 𝜖 to accommodate the known
noise and frame-to-frame inconsistencies of monocular depth pre-
dictions, which are not ground truth and exhibit local distortions.
Crucially, we exploit radar’s metric scale to make this supervision
robust: before applying L𝐷1 , we pre-compute a validity mask D(r)
over monocular depth maps, filtering out and rescaling camera
depth estimates that are warped or inconsistent in scale. Details of
the mask computation are provided in the Supplementary Material.

For using 2D radar depth as a supervision signal in L𝐷2 , defining
a meaningful 3D depth loss is non-trivial. Standard 2D automotive
radars integrate returns over elevation, i.e., a detection at range 𝑅
and azimuth 𝜃 may originate from any elevation within the radar
beam’s vertical opening angle. If we naively enforce all rays whose
azimuth is close to 𝜃 to terminate at 𝑅, the resulting gradients dif-
fuse across the full vertical FOV, leading to columnar artifacts and
reconstructions that collapse the third dimension. Moreover, due
to occlusions and multi-path effects, many beams exhibit multiple
peaks at different ranges, each corresponding to echos at different
heights, which further exacerbates the depth-elevation ambiguity.
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To address these challenges, we propose a soft-matching radar
depth loss. We first extract a sparse set of candidate depth tar-
gets by peak-finding on each beam’s range–power spectrum, al-
lowing multiple peaks per beam. Given a radar training ray, we
compute its one-way NeRF weights {𝑤𝑖 }𝑁𝑖=1 along the ray using
Eq. (3). We score each of the 𝑃 candidate depth targets by measuring
how well the ray’s weight profile aligns with a Gaussian kernel
K(𝑧) =N(𝑧; 𝑧𝑝 , (𝜖𝑘/3)2) centered at the target depth 𝑧𝑝 , yielding
scores 𝑆 = {𝑠1, . . . , 𝑠𝑃 }. These scores are converted into mixture
weights 𝐿 = {𝑙1, . . . , 𝑙𝑃 } via a temperature-controlled softmax with
temperature 𝜏 (annealed over training). Finally, we compute a free-
space loss over each target and aggregate them using 𝐿 as weights,

L𝐷2 =
1
𝐵𝑅

𝐵𝑅∑︁ 𝑃∑︁
𝑖=1

𝑙𝑖

∑︁
𝑗

𝜎 𝑗 · 1
(
𝑧 𝑗 ∉ [p𝑖 − 𝜖, p𝑖 + 𝜖]

)
, (17)

For each depth target p𝑖 , we penalize density outside an 𝜖 neigh-
borhood, analogous to Eq. 16. But rather than enforcing a single
termination depth per ray, we allow multiple candidate per-ray and
compute a free-space loss for each. We weight these losses by how
well each candidate aligns with the ray’s current density profile,
resulting in a softer and more stable radar depth supervision signal.

Density Regularization. Neural volume rendering can produce
scattered or multi-modal density along a ray, especially in large-
scale driving scenes with narrow baselines and underconstrained
geometry. Such diffuse densities lead to ambiguous depth, floating
structures, and blurred occupancy boundaries. To mitigate these
artifacts, we introduce a regularization term Lreg that encourages
each ray to form a unimodal density peak, yielding crisper geometry.
We compute one-way volume rendering weights w𝑖 (Eq. 3) for each
sampled ray, and treat them like a probability distribution,

Lreg =
1

|C| + |R|
∑︁

r∈C∪R
M(r)

∑︁
𝑖

−w𝑖 log(w𝑖 ), (18)

where M(r) is a mask that is 1 only where
∑

𝑖 w𝑖 > 𝜖reg for some
small 𝜖reg we choose. This mask prevents the regularization term
from distorting empty scene rays.

4.4 Implementation Details
We optimize CaRaFe on outdoor automotive sequences of 50-70
radar frames captured at 4Hz while driving at speeds ranging from
10-15 km/h, for a total of about 34 to 73 meters of driving distance.
For each sequence, we include the first 200 camera frames before the
first radar frame, as well as the first 50 camera frames after the last
radar frame; this helps minimize regions of our scene that receive
only radar coverage, since our camera is forward-facing. For our
radar measurements, we train on the first 1079 range bins, as the
vast majority of targets lie within this radius and returned signals
diminish strongly due to the quadratic attenuation. We omit the first
75 range bins, as these are usually dominated by reflections from
the ego vehicle, leaving a total of 1024 supervised range bins per-
beam. We optimize CaRaFe in 20k optimizer steps on a single A100
GPU, using the Adam optimizer. In camera space, we set |C| = 8192
rays per-batch, while for radar we set 𝑆 = 20 super-sampled rays
per-beam, and sample 60 beams per-batch, for a total 𝐵𝑅 = 1200

rays. We use fully fused MLP kernels from [Müller et al. 2022] and
train in half precision, allowing for faster training and inference.

5 Experiments
In this Section, we evaluate CaRaFe qualitatively in Fig. 4, 5, and
quantitatively in Tab. 1, 2, 3 & Fig. 3. Specifically, we compare to
two radar neural reconstruction methods [Borts et al. 2024; Kung
et al. 2025] and four camera neural reconstruction methods [Chen
et al. 2025; Yan et al. 2024; Yang et al. 2023a; Yu et al. 2024].

Experimental Protocol. To evaluate our approach, we follow the
experimental protocol of [Borts et al. 2024; Kung et al. 2025] and
select static scenes from both datasets. To assess geometry recon-
struction, wemeasure the Relative Chamfer Distance (RCD) between
the predicted occupancy representation and an accumulated LiDAR
measurement from the dataset. The LiDAR point cloud is assembled
by using the recorded poses to reproject all scans into a common
reference frame. For novel view synthesis, we report PSNR and SSIM
for both the reconstructed radar and camera measurements on a
withheld split in Table 3. We withhold 10% of the samples per-scene.

5.1 Validation
Radar Fields [Borts et al. 2024] and RadarSplat [Kung et al. 2025]
train only on radar, whereas the remaining baselines are camera-
only. CaRaFe is the first inverse-rendering model to jointly leverage
both modalities, which naturally creates a large performance gap
to existing baselines since no fully comparable method yet exists.
For camera novel view synthesis, CaRaFe surpasses all camera-only
baselines, despite satisfying radar supervision. For radar novel view
synthesis, CaRaFe outperforms the radar-only Radar Fields and
RadarSplat, indicating that the camera branch provides a strong reg-
ularizing signal for reconstructing high-fidelity radar measurements.
Overall, these results suggest the two modalities are complementary
and interact constructively rather than interfering destructively.

In the boxed sections of Fig. 4 and 5, we highlight fine geometric
details that are consistently missed by either camera or radar-only
baselines. For example, the metallic nature of vehicles means that
their radar reflectivity is extremely view-dependent - the radar
baselines often fail to capture such objects. For example, rows 1 and
5 of Fig. 4 and row 1 in Fig. 5 show examples of radar baselines failing
to reconstruct bollards, trees, and electrical transformers. Moreover,
the radar baselines produce collimated scenes with inaccurate object
elevation. This is especially true for RadarSplat [Kung et al. 2025],
which trades elevation awareness for robustness, resulting in shorter
objects like cars and shrubs being reconstructed at more than 4
meters above the ground. The camera baselines lose a robust notion
of scale without active sensing, recovering dense scene geometries
but with low certainty, as geometry is smeared out radially. This is
most obvious in rows 1, 3 of Fig. 4 and 5 of Fig. 5, and is exacerbated
in narrow baseline scenes where multiview consistency cues are
weak. CaRaFe suffers minimally from both artifacts, maintaining
metric scale while disambiguating elevation.
In Tables 1 & 2, CaRaFe consistently improves IoU and F-score

over both radar-only and camera-only baselines, while still achiev-
ing the lowest RCD, indicating a closermatch to the LiDAR geometry
and recovering more targets with less spatial uncertainty.
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Metric Ours EmerNeRF
[Yang et al. 2023a]

Street Gaussians
[Yan et al. 2024]

GOF
[Yu et al. 2024]

PGSR
[Chen et al. 2025]

Radar Fields
[Borts et al. 2024]

RadarSplat
[Kung et al. 2025]

Modality Both Camera Camera Camera Camera Radar Radar

IoU (%) ↑ 19.15 7.45 3.52 6.15 1.28 4.10 4.22

Precision (%) ↑ 24.53 16.99 3.58 16.63 14.66 11.01 22.57

Recall (%) ↑ 49.19 13.36 66.68 8.99 1.41 6.14 4.94

F-score ↑ 31.77 13.66 6.80 11.47 2.52 7.88 8.11

RCD (full) ↓ 0.001 0.002 0.004 0.010 0.012 0.003 0.003

Table 1. Geometric Occupancy Evaluation. We evaluate geometric accuracy and compare CaRaFe (Ours) to camera baselines EmerNeRF [Yang et al. 2023a],
Street Gaussians [Yan et al. 2024], PGSR [Chen et al. 2025] and GOF [Yu et al. 2024], as well as to Radar baselines [Borts et al. 2024; Kung et al. 2025] on the
Boreas Dataset [Burnett et al. 2023]. CaRaFe consistently outperforms all baselines by a substantial margin.

Metric Ours
EmerNeRF

[Yang et al. 2023a]
GOF

[Yu et al. 2024]
PGSR

[Chen et al. 2025]
RadarSplat

[Kung et al. 2025]

IoU ↑ 14.13 6.27 2.92 2.41 3.55

F-score ↑ 24.74 5.66 4.71 11.76 6.87

RCD (full) ↓ 0.003 0.004 0.005 0.006 0.006

Table 2. Additional Geometric Validation on the Radar Fields Dataset.

Metric Ours
GOF

[Yu et al. 2024]
PGSR

[Chen et al. 2025]
Radar Fields

[Borts et al. 2024]
RadarSplat

[Kung et al. 2025]

Ca
m
er
a PSNR ↑ 33.33 32.61 32.22 - -

SSIM ↑ 0.901 0.885 0.875 - -

Ra
da
r PSNR ↑ 28.31 - - 27.53 28.05

SSIM ↑ 0.956 - - 0.882 0.913

Table 3. Novel view synthesis results for all modalities. PGSR and GOF are
camera-only methods; Radar Fields and RadarSplat are radar-only.

In Table 3, we validate that CaRaFe’s improved geometry does not
come at the expense of novel view synthesis quality.We report PSNR
and SSIM for both camera and radar on held-out views. CaRaFe
exceeds baseline methods for both camera and radar synthesis,
while also outperforming them on all geometric metrics.

5.2 Ablation Study
To understand the contribution of each component of CaRaFe, we
conduct an ablation study summarized in Table 3. We consider four
variants: a radar-only model (Radar only), a camera-only model
(Camera only), a joint model without density regularization (w/out
regularization), and a joint model without any depth supervision
(w/out depth sup.), and compare them to the full CaRaFe model.

We report three geometry-focused metrics: IoU, F-score, and Rela-
tive Chamfer Distance (RCD). Removing either modality (radar-only
or camera-only) leads to a clear drop in IoU, F-score, and RCD, con-
firming that both sensors contribute complementary information:
radar provides metrically accurate depth, while the camera enforces
high-resolution structure. Disabling the density regularization term
LREG produces more diffuse density profiles and degrades all ge-
ometry metrics, highlighting the importance of encouraging single,
sharper density peaks along each ray. Disabling the depth supervi-
sion likewise hurts geometric accuracy by increasing floaters.

Overall, the full CaRaFe configuration, combining radar and cam-
era inputs with both regularization and depth supervision, achieves
the best performance across all metrics. Notably, the gap between
the full model and the depth/regularization ablations is smaller than

Camera Only Radar Only No Regularization No Depth Sup. CaRaFe (Ours) LiDAR GT

Variant Radar Camera Reg. Depth IoU (%) ↑ F-score ↑ RCD ↓

Camera only ✗ ✓ ✗ ✗ 9.51 17.02 0.003

Radar only ✓ ✗ ✗ ✗ 10.10 18.12 0.002

No Regularization ✓ ✓ ✗ ✓ 18.83 31.24 0.002

No Depth Supervision ✓ ✓ ✓ ✗ 21.65 34.97 0.002

Full model (CaRaFe) ✓ ✓ ✓ ✓ 23.02 36.71 0.001

Fig. 3. Ablation study on the contributions of individual sensor inputs,
regularization, and depth supervision for geometry reconstruction.

the gap induced by removing an entire modality. This indicates
that CaRaFe’s gains are driven primarily by the core camera-radar
fusion, and that the method still outperforms the same baselines
even without depth supervision or density regularization.

6 Conclusion
We introduce CaRaFe, a novel joint camera–radar neural reconstruc-
tion method that fuses complementary camera and radar sensing
cues for large-scale outdoor 3D scene recovery. By using radar as
a depth prior and camera images as a high-resolution appearance
and elevation cue, CaRaFe reduces shape–radiance ambiguities and
overcomes the inherent elevation limitations of 2D radar-only recon-
structions. Our proposed fusion outperforms both radar and RGB-
based reconstruction methods in isolation. Specifically, the method
achieves geometrically accurate reconstructions that closely match
LiDAR ground truth, with errors on the order of 0.3m, enabling
faithful recovery of static driving scenes at scale. In the future, we
plan to generalize to dynamic scenes and self-supervise existing
radar–camera perception models, such as [Singh et al. 2023] and
[Hwang et al. 2022] with CaRaFe, allowing us to learn robust and
fast feed-forward perception from multi-modal reconstruction.
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