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Figure 4. Range-power signal and its FFT of a radar azimuth beam
with multipath effects. The constant and peak magnitude in the
FFT results are used for noise detection and denoising.

a uniform power offset in radar images. Speckle noise (yel-
low) is a granular interference pattern that appears in radar
images due to the coherent nature of radar signals, appear-
ing as weak background noise.

3.2. Multipath and Saturation Noise Detection

Unlike [5], which removes noise using a dynamic threshold
that does not adapt to the radar equation, we instead detect
and model radar noise to synthesize more realistic radar im-
ages. We adopt a noise detection method based on the Fast
Fourier Transform (FFT), as in Figure 4. First, we apply
FFT to all azimuth beams:
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where x[n| represents the range-power signal from a row in
aradar image, and n is the range bin index with a total of IV
bins. X [k] is the frequency domain output from the discrete
Fourier transform, with k as the frequency index.

Receiver Saturation. A beam experiencing receiver
saturation typically exhibits a uniform radar power offset
across all ranges. This uniform power distribution results
in a constant term in the frequency domain. Based on this
observation, we define a constant ratio value, C:
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Beams with C > C,;, are classified as saturation beams,
Osat, Where Cyy, is an experimentally determined magni-
tude threshold.

Multipath Effects. Multipath noise appears as a fixed
periodic pattern in a radar beam. This periodic power pat-
tern contributes to a significant amplitude peak in the fre-
quency domain (Figure 4). Based on this observation, we
identify the significant frequency with index k,, that has
maximum magnitude. Beams with magnitude | X [k,,]| >

3)

Ayp, and a constant value ratio C > C'y, are classified as
multipath beams, ©,,,11;. Ay, and Cj, are experimentally
determined magnitude thresholds. Note that since multi-
path typically occurs alongside saturation beams, we use a
relaxed criteria C'y;, to reduce false positive multipath de-
tection. The azimuth angles of detected noisy beams, O ¢
and ©,,,,44, are saved for later use in multipath modeling
and occupancy mapping.

3.3. Modeling Multipath Effects

After detecting the multipath beams, we aim to model the
noise source by estimating its position, reflectivity, and
power attenuation, allowing us to simulate multipath effects
from novel views. Figure 5 illustrates our proposed pipeline
for noise source modeling. First, the source distance d,,, is
determined from the peak frequency index, k,,:

km,
Jm = NAr (1/m) 4)
dnL = 1/fm (m) (5)

where Ar is range resolution. With known azimuth an-
gle 0,, € O, distance d,,, and radar pose 7, we can
get the multipath source location, p, activated view angle,
O yicw, and range, Ty;eq,- Therefore, a rough multipath sig-
nal reconstruction can be obtained by performing an in-
verse Fourier Transform with magnitude | X [k,,]| and phase
LX k)

Tm[n] = %\X[kmﬂ cos (%kmn + ZX[km]> (6)

To further reconstruct multipath effects from novel views,
we then define the power reflection, A,,, and exponential
attenuation rate, 7,,, of the source, so that the multipath
effect is represented as:

z,.[n] = Ape " xp[n) (7
A, and v, can be estimated by fitting raw data, 2:[n], with
least squares. Finally, the map of multipath sources is stored
as:

M = {Mt : (/Li’aéiew’réz’ew’Aim’ﬁn) |Z =1, 7l} 3)

When rendering from novel viewpoints, 7, oyei, W€ COM-
pare the new view angle and distance differences, A7 ;e
and A6y, to determine if multipath effects are present.
If Aryicw < Tin and Abyiew, < 041, We reconstruct mul-
tipath effects x/ [n] from the novel view using the up-
dated d,,, and Eq. 4-7, where r;;, and 6y, are experimental
thresholds. The multipath rendering is denoted as ¥, where
the multipath image from a given view 7T is expressed as

I = U(M,T).
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Figure 7. Modeling spectral leakage in the radar-power signal. (a)
Ideal range FFT. (b) Practical range FFT with spectral leakage.
(c) Practical range FFT sharpened by a Hamming window. (d)
Proposed approximation for Hamming-window-sharpened FFT.

intermediate azimuth resolution, H (), using elevation pro-
jection, ensuring Igi., € REY*W  Azimuth projection
is then applied via a 1D convolution along the azimuth axis
with kernel size 2@) and stride size (), and a kernel weighted
by the azimuth antenna profile, G (6), producing the output
image [ 4.; € REXW,

3.5.3. Spectral Leakage Modeling

Radar range measurements are usually blurry due to spec-
tral leakage. The spectral leakage is due to finite-time sam-
pling of received signals. We use a Gaussian distribution to
approximate the blurred effect, as shown in Figure 7. More
details about the spectral leakage modeling are provided in
supplemental materials.

3.5.4. Final Radar Rendering

Details Finally, the complete radar rendering process is de-
noted as II. The radar image is obtained by o-rendering,
given by I, = I, (G, T). The occupancy state is derived
via a-rendering by replacing o in Eq. 11 with «, expressed
as I, =I1,(G,T). The radar inverse rendering process de-
composes the noise-free image I1,,¢c¢ and the noisy image
I 0ise through pa-rendering, I1,,, and pn-rendering, 11,,,.

3.6. Training Losses

The total loss to train the 3D Gaussian scene representation
is as follows:

L= )\l'cll + )\2£ssim + )\BEOCC

(12)
+)\4£size + )\5 Ereg

The £;; and L, components represent the L1 error and
SSIM score between the rendered image I,-¢;, 4. and ground
truth radar image /. Additionally, £, corresponds to the
L1 error between the rendered occupancy state [, output by
RadarSplat and the initial occupancy map ,.. estimated in
the preprocessing step to aid in training. \; are weights for
different loss terms.

To refine the model, we introduce two regularization
losses. Lg;.. constrains Gaussians to have a maximum size,
Smaz» 10 prevent distortions from the first-order Taylor ap-
proximation in the Cartesian-to-Spherical transformation.

In addition, £, is defined as £,.; = ReLU(av + 71 — 1) to
ensure that the sum of the occupancy and noise probability
is smaller than one.

4. Experiments

4.1. Experimental Setup

We train and test our proposed RadarSplat on the pub-
lic Boreas Dataset [7], which includes a Navtech 360°
CIR304-H scanning radar, a 128-beam LiDAR, and ground
truth poses from a GNSS/IMU sensor. Following [5], we
select every 5 frames as the test frame to create a train-
test split. We selected 13 driving sequences, comprising 7
sunny, 2 night, 2 rainy, and 2 snowy scenes. Each selected
sequence has > 10 seconds duration, which contains more
than 40 radar frames.

4.2. Novel Radar View Rendering

We evaluate the synthetic radar image quality with com-
mon image rendering metrics, including PSNR, LPIPS, and
SSIM. The quantitative evaluation is shown in Table 1.
With the correct noise modeling and rendering, our pro-
posed method outperforms state-of-the-art, Radar Fields, by
+3.4 PSNR and achieves more than 2.6 x better in SSIM
score. Figure 8 shows the qualitative radar rendering re-
sults. Our method accurately renders noise and multipath
effects, producing more realistic synthetic radar data. In
contrast, Radar Fields fails to model the noise, resulting
in noticeable performance degradation. We further demon-
strate radar inverse rendering in Figure 9. RadarSplat can
decompose radar images into different sources. The radar
image rendering speed reaches 4.5 FPS on an NVIDIA
A6000 GPU.

4.3. Occupancy State Estimation

While reconstructing noise in the scene, RadarSplat still
supports accurate occupancy state estimation by decoupling
the occupancy and noise probability from the power return
ratio of the Gaussians. To assess the quality of occupancy
estimation, we report the RMSE, Relative Chamfer Dis-
tance (R-CD), and Accuracy. Accuracy is computed using
a 0.5 m threshold. Ground truth geometry is obtained from
the LiDAR point cloud map, which is cropped according to

Image Synthesis Scene Reconstruction

Method

PSNRT SSIM?T LPIPS| RMSE] R-CD.| Acc.t
Radar Fields 22.66 0.20 0.60 3.03 0.29 0.59
Ours 26.06 0.51 0.37 1.81 0.04 0.91

Table 1. Image synthesis and geometry reconstruction evaluation on
Boreas dataset [7]. Image synthesis is evaluated from unseen views, and
geometry reconstruction is evaluated against the LIDAR map. Two snowy
scenes are excluded from geometry evaluation due to LiDAR inaccuracy.
Bold indicates the best result.
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Figure 8. Radar image rendering. Our method better synthesizes
multipath and noise effects compared to the baseline.
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Figure 9. Radar inverse rendering for radar image decomposition.
Our method can disentangle real target render, multipath effect,
and other noises (mainly speckle noise and receiver saturation)
from radar images.

the radar field of view. The point cloud is then projected
onto a 2D BEV point cloud for evaluation, following [5].
For the Radar Fields occupancy estimation, we follow the
original implementation, integrating occupancy along the
elevation axis. For RadarSplat, we use the rendered I,.. as
the final occupancy estimation. A 0.5 probability threshold
is then applied to the output of both RadarSplat and Radar
Fields to generate the final occupancy map for evaluation.
The quantitative evaluation is presented in Table 1,
alongside the qualitative comparison shown in Figure 10.
The proposed method outperforms Radar Fields across all
metrics, achieving better reconstruction by reducing RMSE
by 1.22 m and improving accuracy more than 1.5x com-
pared to Radar Fields. We found that Radar Fields can be
significantly affected by severe multipath effects, leading
to ghost artifacts behind the wall. Also, it provides blurry
occupancy estimations due to saturation and speckle noise.
While Radar Fields mitigates most noise using a dynamic
threshold during preprocessing and applies Bayesian grid
mapping to generate the occupancy grid map, the simple
dynamic threshold appears insufficient to effectively handle

Ground-Truth Radar Ours Radar Fields LiDAR

Figure 10. Occupancy estimation. Our method provides clear and
noise-free occupancy estimation compared to the baseline.

radar noise in challenging conditions.

In addition, we provide qualitative 3D scene reconstruc-
tion results in Figure 11. The results indicate that Radar-
Splat achieves accurate 3D reconstruction similar to Li-
DAR, by taking only 2D noisy radar images as input.

4.4. Ablation Studies

Table 2 presents the results of our ablation study on image
synthesis. We disable multipath modeling (Sec. 3.3) and
noise probability (Sec. 3.5), which are key features we pro-
pose for more realistic rendering. We found that disentan-
gling occupancy and noise probability has a significant im-
pact on radar image synthesis, as speckle noise and receiver
saturation frequently occur in radar images. While multi-
path modeling also improves rendering quality, its quantita-
tive impact is less pronounced compared to noise probabil-
ity due to the lower frequency of multipath effects. How-
ever, in frames with severe multipath interference, it pro-
vides substantial qualitative improvements (Figure 12).
Table 3 presents the results of our ablation study on scene

Image Synthesis PSNR1 SSIMt LPIPS|

w/o Noise Prob. 23.52 0.23 0.59
w/o Multipath ~ 25.95  0.50 0.38
Full Method 26.06 0.51 0.37

RadarSplat

Table 2. Ablation studies on image synthesis.

Scene Reconstruction RMSE| R-CDJ] Acc.t

Init Occ. Map Radar Fields 3.40 0.12  0.90
Proposed 1.81 0.04 0.90

w/o Occ. Map 1.86 023  0.30

RadarSplat ~ w/o Spectral Leakage  2.05 0.05  0.90
Full Method 1.81 0.04 091

Table 3. Ablation studies on scene reconstruction.
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