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Fig. 1: Controllable radar synthesis from vision. (Top) Given multi-view camera
images, RadarGen generates realistic radar point clouds that align with real-world
radar statistics and can be consumed by downstream perception models. (Bottom)
The generation is semantically consistent: modifying the input scene with an off-the-
shelf image editing tool (e.g., replacing a distant car with a closer truck) updates the
radar response, removing returns from newly occluded regions and reflecting the new
object geometry.

Abstract. We present RadarGen, a diffusion model for synthesizing re-
alistic automotive radar point clouds from multi-view camera imagery.
RadarGen adapts efficient image-latent diffusion to the radar domain by
representing radar measurements in bird’s-eye-view form that encodes
spatial structure together with radar cross section (RCS) and Doppler
attributes. A lightweight recovery step reconstructs point clouds from
the generated maps. To better align generation with the visual scene,
RadarGen incorporates BEV-aligned depth, semantic, and motion cues
extracted from pretrained foundation models, which guide the stochastic
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generation process toward physically plausible radar patterns. Condition-
ing on images makes the approach broadly compatible, in principle, with
existing visual datasets and simulation frameworks, offering a scalable di-
rection for multimodal generative simulation. Evaluations on large-scale
driving data show that RadarGen captures characteristic radar measure-
ment distributions and reduces the gap to perception models trained on
real data, marking a step toward unified generative simulation across
sensing modalities.

1 Introduction

Recent advances in neural and generative simulation have made it increasingly
practical to synthesize photorealistic data at scale for autonomous driving. By
reconstructing real scenes with neural fields or generating entirely new ones us-
ing video diffusion models, these systems can produce diverse and controllable
environments that closely mimic real sensor observations. This capability enables
large scale resimulation of traffic, lighting, and weather conditions without costly
rerecording or manual setup [42,50,61]. Despite this rapid progress, most neural
simulators remain limited to the visual domain, focusing on the generation of
RGB imagery and video. Recent efforts have begun extending these ideas to Li-
DAR, demonstrating controllable three-dimensional point cloud generation from
camera inputs [56,59,89]. Radar, however, remains an open frontier. Although it
is already ubiquitous in production vehicles, providing low cost, lightweight, and
weather resilient perception, it has received far less attention within the gener-
ative modeling community. This imbalance limits the fidelity of current neural
simulators, which cannot reproduce radar’s distinctive sensing characteristics,
including signal sparsity, radar cross section (RCS), and Doppler.

Generating radar data poses unique challenges. Radar measurements exhibit
strong stochasticity due to multipath reflections, interference, and material-
dependent scattering that vary with scene geometry. Operating at longer wave-
lengths, radar interacts with surfaces and internal structures beyond what cam-
eras or LiDAR perceive, making it highly complementary yet difficult to model
from vision alone. A further challenge lies in the nature of available radar data. In
most large scale driving datasets, radar is provided only after proprietary signal
processing that converts raw radio frequency waveforms into sparse point clouds
with RCS and Doppler values. This processing chain, which includes range-
Doppler transforms, beamforming, and detection algorithms such as constant
false alarm rate (CFAR), is closed and lossy, discarding phase and other fine
grained signal information. In practice, storing raw radar signals is extremely
memory intensive, so even commercial survey vehicles often record only pro-
cessed point clouds. As a result, we opted for a point cloud representation as
it remains the practical representation of radar data, providing diversity and
scalability critical for generative model training.

To address these challenges, we propose RadarGen, a generative framework
for synthesizing automotive radar point clouds directly from camera imagery.



RadarGen: Automotive Radar Point Cloud Generation from Cameras 3

RadarGen learns a distribution over radar observations conditioned on the vi-
sual scene, producing diverse and semantically consistent measurements rather
than a single deterministic prediction, reflecting the inherent stochasticity of real
radar signals. Conditioning on images allows RadarGen to leverage existing vi-
sual data and simulators, providing a scalable and modular way to enrich them
with realistic radar so that radar-dependent perception systems can operate on
camera-only and edited scenes, without re-recording radar.

A key design choice in RadarGen is to build on SANA [82], an efficient
image-latent diffusion model proven effective and scalable for image synthesis.
To the best of our knowledge, no existing generative model can reliably support
scene level point cloud synthesis from multi-view images of real driving scenes,
making an image diffusion backbone a natural and practical foundation. SANA’s
architecture supports conditioning on visual input while efficiently handling the
large number of tokens introduced by the multi-channel radar representation
and by the additional conditioning cues incorporated later in our framework,
allowing RadarGen to remain computationally efficient and deployable in large
scale simulation settings.

To make radar data compatible with the image diffusion backbone, we express
each radar point cloud as an image-like bird’s eye view (BEV) representation.
This representation encodes spatial structure together with radar cross section
(RCS) and Doppler attributes, enabling all radar channels to share a unified
latent space and allowing us to reuse SANA’s pretrained autoencoder without
modification. A lightweight smoothing and recovery step preserves geometric
accuracy while ensuring stable latent encoding.

Learning radar purely from images is inherently difficult, as it requires rea-
soning about depth, semantics, and motion. To avoid forcing the denoiser to
learn these cues from scratch, RadarGen leverages pretrained foundation mod-
els that provide dense visual priors. Depth, semantic, and motion cues extracted
from each camera view are projected into bird’s eye view to align with the radar
representation and are fused within the diffusion model.

Since no established benchmark exists for radar point cloud generation, we
introduce a dedicated suite of metrics that measures geometric fidelity, radar at-
tribute fidelity, and distribution similarity, both for background and foreground
points. We hope this benchmark will support future progress in radar generation.

We summarize our main contributions below.

– We present RadarGen, the first probabilistic diffusion framework to generate
realistic automotive radar point clouds including location, RCS, and Doppler
from multi-view camera inputs.

– We introduce a latent diffusion methodology that trains on a BEV image
representation of sparse radar attributes, conditioned by BEV-aligned visual
depth, semantic, and motion priors from foundation models.

– We establish comprehensive metrics for radar point clouds based on geomet-
ric fidelity, radar attribute fidelity, and distribution similarity, validating our
design through extensive ablations.
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– We demonstrate that the generated radar data can be interpreted by detec-
tors trained on real data and supports applications such as scene editing.

2 Related Work

2.1 Physics-based radar simulation

Physics-based simulators model the emission, propagation and reception of elec-
tromagnetic (EM) waves based on physical laws. To rigorously simulate time-
domain EM propagation, some works directly solve Maxwell’s equations in the
integral [10] or differential [25, 43, 70] form, offering high physical accuracy but
are computation-intensive for real-time applications. For practical usage, other
works approximate EM wave propagation based on geometric optics and ray-
tracing [85]. This technique has been widely adapted to enhance system-level
fidelity [22,28,32,73], improve scalability and real-time performance [30,67,71],
and support specific modern applications [3, 27, 66]. Commercial software also
implement similar techniques [21, 58]. RadSimReal [5] utilized standard 3D re-
flection signals to lessen dependence on radar-specific internals in ray-tracing
simulators. Distinct from ray-tracing, graphics-based simulators [51, 65, 69] ex-
ploit the rasterization pipeline of graphics engines as an efficient physics proxy,
generating radar measurements from depth in real time. However, the aforemen-
tioned physical simulators rely on manually created assets, demanding substan-
tial engineering effort to cover long-tail conditions.

2.2 Data-driven radar simulation

The heavy engineering efforts of physics-based radar simulators have motivated
data-driven alternatives. One line adapts NeRF [6, 34, 40, 46, 55] or 3D Gaus-
sian Splatting [36, 38, 41] to radar, learning scene-specific representations for
novel-view rendering. These reconstructions, however, require multi-view radar
captures per scene and transfer poorly to unseen scenes. In contrast, genera-
tive radar simulation methods synthesize measurements directly from condition-
ing inputs, enabling controllable generation for novel, unobserved environments.
Prior works employ GANs [26] and VAEs [37] conditioned on object distance [24],
scene layouts [16,77], elevation maps [76], or LiDAR [41], but they ignore images
as conditioning.

Two recent works [11, 17] use visual conditioning for radar generation, but
focus on human-centric scenarios and depend on explicit physical modeling of
signal-scene interactions, which limits scalability. For autonomous driving, Xiao
et al. [81] synthesize radar cubes with a U-Net conditioned on camera/LiDAR
plus waveform-parameter embeddings, while Rangaraj et al. [57] generate range-
azimuth maps using an autoencoder conditioned on depth and segmentation. Yet
these methods target radar raw data that is unavailable for large-scale train-
ing [20]. Closer to our setting, Song et al. [68] and Alkanat et al. [2] produce
radar point clouds from LiDAR/RGB with convolutional networks, but their
deterministic mappings under-model radar stochasticity and also do not exploit
large pretrained foundation models for comprehensive scene encoding.
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Fig. 2: Comparison of LiDAR and radar point clouds in camera and bird’s eye views.
In the camera view, LiDAR is easier to interpret, whereas radar is more difficult due
to its sparsity and lack of structure. In the bird’s eye view, radar points are easier to
differentiate and interpret.

2.3 Generative point cloud models

Generative models specific to radar point clouds remain scarce in literature, so
we review general point cloud generative frameworks as references. Many works
designed unconditional models [1, 9, 44, 47, 75, 84, 86, 88] for point cloud comple-
tion and generation or text-conditioned [49, 80] generative frameworks, which
rely on large priors and lack spatial grounding and controllability. In contrast,
some recent works [39,45,74] learn to generate point clouds conditioned on RGB
images. However, these works are object-centric, only generating point clouds
for object shapes. Instead, some methods are proposed to tackle scene-level gen-
eration of LiDAR point clouds with generative techniques such as GAN [7, 62],
VQ-VAE [83] and diffusion models [33,48,56,79,89]. While effective, these meth-
ods usually lack image-based conditional design and work on dense LiDAR range
images, which cannot transfer to sparse and non-uniformly sampled radar point
clouds [18,19,52].

3 Preliminaries

We start by reviewing the challenges in generating radar point clouds (Sec. 3.1),
and how we can benefit from efficient diffusion models (Sec. 3.2). This sets the
stage for our proposed radar point cloud generation model (Sec. 4).

3.1 Challenges in radar point cloud generation

The key challenge in generative modeling of radar point clouds lies in their unique
data characteristics. Radar point clouds are sparse, unordered 3D point sets with
highly non-uniform sampling. Unlike LiDAR, whose returns are uniform along
angular dimensions and can be reshaped into dense range images, radar detec-
tions arise from peak-based target extraction (e.g., CFAR [64]), and cannot form
dense, grid-aligned measurements. See Fig. 2 and the Supplementary Material
for more information. Further, each radar point carries sensor-specific attributes
beyond 3D position—Radar Cross-Section (RCS), a proxy for reflectivity, mainly
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affected by the object material, geometry and incident angles, and Doppler ve-
locity, the measurement of relative radial velocity. As a result of this sparse,
non-grid structure, we cannot effectively represent radar data in a range-image
format. We thus adopt a multi-image bird’s-eye-view (BEV) representation as a
scalable alternative that is well-suited to the data’s sparse nature.

3.2 Efficient diffusion models

A significant challenge in generative modeling is the synthesis of large-scale,
explicit 3D point clouds conditioned on images. As discussed in Sec. 3.1 we
use a multi-image BEV representation, which is inherently high-dimensional,
posing a significant challenge for standard diffusion architectures. To tackle this
high-dimensional generation problem at a scene-level scale, we must leverage an
efficient diffusion architecture. Specifically, Latent Diffusion Models (LDMs) [31,
60] which compress images into smaller representations. Standard LDMs are
insufficient, as they typically use an autoencoder (AE) with an 8x downsampling
factor and a diffusion backbone with O(N2) quadratic self-attention complexity.
We therefore build upon SANA [82], a framework that achieves efficiency by
employing an AE with 32x compression and replacing the costly self-attention
with an O(N) linear attention mechanism.

4 Method

Problem statement. We address the task of surround-camera to radar point
cloud generation. Given scene imagery captured by a rig of N outward-facing
cameras It = {It1, . . . , ItN} at two consecutive timesteps (t, t+∆t), with ∆t time
elapsed between them, together with known camera intrinsics and extrinsics,
the goal is to generate a radar point cloud Pt = {(xi, yi, ri, di)}Li=1 representing
the radar detections at time t in the ego-vehicle coordinate frame. Each element
describes the planar spatial coordinates (x, y), radar cross section r (RCS), and
Doppler velocity d.
Method overview. RadarGen consists of three main components (See Fig. 3
and 4). During training: (1) the conversion of the sparse radar point cloud Pt

into a set of dense BEV representations suitable for a latent image diffusion
model (Sec. 4.1); and (2) conditioning the generator on geometric and semantic
cues derived from pretrained vision models to enhance structural and semantic
understanding (Sec. 4.2). With these we learn the conditional distribution pθ(Pt |
It, It+∆t), which models the stochastic mapping from multi-view imagery to the
radar point cloud at time t. At inference: (3) the recovery of the final sparse
radar point cloud from the generated dense BEV predictions (Sec. 4.3).

4.1 Representing radar as images

Our goal is to train a diffusion denoiser that operates in the latent space of a
pretrained autoencoder. To keep the autoencoder intact, the radar observations
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Fig. 3: Overview of RadarGen. (Left) Multi-view posed images at time t and t+∆t
are fed through foundation models of metric depth estimation [54], semantic segmen-
tation [13], and optical flow [87], enabling projection of the scene to BEV, encoding
different information through color. (Middle) Encoded BEV representation is concate-
nated with a modality indicator specifying which map type to generate. During infer-
ence, the map is initialized as noise; during training, noise is added to the GT maps,
and the Latent Encoder/Decoder are frozen while SANA’s DiT [53, 82] is fine-tuned.
(Right) During inference, the generated Point Density Map is deconvolved using an
IRL1 Solver. The resulting sparse map is used to retrieve the RCS and Doppler values
at corresponding locations to yield the final generated radar point cloud. Point color
represents Doppler and point size represents RCS.

must therefore be represented as image-like signals that fit naturally within its
latent distribution. However, radar measurements are sparse point clouds, far
from the dense appearance statistics of natural images. We address this gap by
transforming each radar point cloud into a set of dense, two-dimensional BEV
maps that preserve radar-specific attributes while remaining compatible with
the image-based AE. Fig. 4 illustrates the following steps.

Each radar point cloud is first projected onto the BEV plane by discarding
elevation, which carries little discriminative information due to radar’s limited
vertical resolution in automotive setups. The projected points are then rasterized
to form a BEV point map in which detections correspond to occupied pixels.

We construct three single-channel BEV maps: a Point Density Map (Mp),
an RCS Map (Mr), and a Doppler Map (Md). The Point Density Map Mp is
obtained by convolving the sparse BEV point map Pxy with a Gaussian kernel
Kσ of variance σ, i.e., Mp = Kσ ∗ Pxy, producing a smooth estimate of radar
return density. Increasing σ yields smoother maps with higher reconstruction
fidelity under an AE, but also complicates point cloud recovery (see Sec. 4.3).
For the RCS and Doppler maps, Mr and Md, each pixel inherits the attribute
value (RCS or Doppler) of the nearest radar detection, yielding a piecewise-
constant map defined by the Voronoi tessellation of the detections.

To ensure compatibility with the autoencoder’s RGB input space, each BEV
map is replicated across three channels. We then encode each of these images
independently, obtaining the latent representations zp, zr, and zd that serve as
the supervision targets for training the diffusion denoiser.

Additional preprocessing details, including region-of-interest cropping and
grid resolution, are provided in Sec. 4.4.
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Fig. 4: Overview of representing radar as images (Sec. 4.1). Constructing radar
maps from a radar point cloud requires first rasterizing each point to BEV. The point
locations are then convolved with a Gaussian kernel Kσ to produce the Point Density
Map Mp. A Voronoi tessellation is also constructed, where each cell inherits the RCS
and Doppler attributes from its corresponding point, producing the maps Mr and Md

respectively. Point color represents Doppler and point size represents RCS.

4.2 Conditional radar generation

To simplify the conditional radar generation task, we employ pretrained vision
foundation models to extract relevant factors from conditional inputs and project
them into BEV representations which are semantically rich and spatially aligned
with the radar BEV targets.

Specifically, we use a depth estimation network [54] to provide geometric
cues, a semantic segmentation network [13] to supply categorical context, and
an optical flow model [87] to infer per-pixel motion. These cues are projected
and fused into a unified bird’s-eye-view scene representation that serves as the
conditioning input to the radar generator.
BEV scene conditioning. The conditioning representation, denoted c, com-
prises three BEV maps: an Appearance map, a Semantic map, and a Radial
Velocity map (see Fig. 3). We first project the N outward-facing camera images
It = {It1, . . . , ItN} into BEV using predicted metric depth [54]. For each image Itk,
a depth estimation model provides a dense point map PIt

k
, which is then trans-

formed into the ego-vehicle coordinate frame using the known camera intrinsics
and extrinsics. All point maps are merged and rasterized onto a common BEV
grid to form the geometric backbone of the condition.

The points that construct the Appearance and Semantic maps obtain their
color from the original images and segmented images, respectively. Using color-
coded semantics, rather than one-hot encodings, ensures that the conditioning
maps retain image-like statistics compatible with pretrained image encoders used
later in our pipeline.

The Radial Velocity map provides motion cues analogous to Doppler veloc-
ity. To construct it, we first estimate optical flow between consecutive frames
(It, It+∆t) using a pretrained flow network [87]. Let f(x) denote the flow vector
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at pixel x in It. Using the predicted depth at time t and t + ∆t, we backpro-
ject x in It and its corresponding pixel x + f(x) in It+∆t to 3D points pt(x)
and pt+∆t(x) in the ego-vehicle frame. We then approximate the 3D velocity as
v(x) ≈ pt+∆t(x)−pt(x)

∆t , and retain only its component along the radial direction
from the ego-vehicle to obtain a Doppler-like value. These radial velocities are
rasterized and aggregated into a BEV grid, yielding the Radial Velocity condi-
tioning map.

This BEV scene representation provides pixel-aligned conditioning for the
radar diffusion model, ensuring that geometric, semantic, and dynamic cues are
spatially consistent with the generated radar BEV maps.

Conditional radar maps denoising. With the radar maps represented in la-
tent space, the learning objective becomes to model the distribution of plausible
radar latents conditioned on the visual scene. We therefore train a conditional
diffusion denoiser that learns p(zp, zr, zd | c), where c denotes the BEV condi-
tioning maps. Because both the conditioning and target latents are defined in
a spatially aligned BEV coordinate frame, the conditioning tensors can be con-
catenated directly along the channel dimension [35], providing the model with
a compact yet expressive geometric prior. This formulation allows the network
to generate diverse yet physically consistent radar realizations aligned with the
observed camera views.

The denoiser ϵθ is implemented as a Diffusion Transformer (DiT) [53] that
operates jointly on the latent representations of the three radar maps—density,
RCS, and Doppler. During each denoising step, the latents for these maps are
concatenated into a single token sequence and processed through shared self-
attention, enabling the network to capture correlations across radar modalities.
Modality-specific identifiers, defined as learnable embeddings mi [29] concate-
nated feature-wise to each radar map i ∈ {p, r, d}, guide the transformer to
preserve the distinct statistics of each channel while still sharing information
between them. At inference, Gaussian noise is iteratively denoised under BEV
conditioning to produce the latent radar maps {z′p, z′r, z′d}, which are then de-
coded into the final BEV radar images by the pretrained decoder D.

4.3 Recovering the sparse radar point cloud

As described in Sec. 4.1, the point density map is modeled as the convolution of a
sparse point map with a Gaussian kernel, Mp = Kσ ∗Pxy. The generative model
therefore produces a blurred density estimate M ′

p, from which the underlying
discrete point locations must be recovered.

We formulate recovery as an explicit deconvolution problem, taking advan-
tage of the fact that the blurring kernel Kσ is known and fixed, since it was
used to generate the training targets. This knowledge of the forward blurring
process enables us to pose a well-defined inverse problem for recovery, yielding
a principled and controllable reconstruction of the sparse radar detections.
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Table 1: Quantitative evaluation. RadarGen broadly outperforms the baseline on
geometric fidelity (CD, IoU, Density Similarity, Hit Rate), radar attribute fidelity (DA
Recall, Precision, F1), and distribution similarity (MMD). Shown is the mean ± s.d.,
computed over all timestamps for the Entire Area and over all foreground objects for
the Foreground.

Method Entire Area

CD Loc. (↓) CD Full (↓) IoU@1m (↑) DA Recall (↑) DA Prec. (↑) DA F1 (↑) MMD Loc. (↓) MMD RCS (↓) MMD Doppler (↓)

Baseline 1.84± 0.48 0.038± 0.009 0.23± 0.10 0.15± 0.10 0.14± 0.10 0.14± 0.09 0.368± 0.151 0.36± 0.25 0.65± 0.64
RadarGen 1.68± 0.39 0.040± 0.008 0.31± 0.11 0.23± 0.12 0.26± 0.12 0.24± 0.12 0.056± 0.062 0.09± 0.15 0.31± 0.74

Foreground

CD Loc. (↓) CD Full (↓) Density Sim. (↑) Hit Rate (↑) MMD Car (↓) MMD Truck (↓) MMD Trailer (↓)

Loc. RCS Doppler Loc. RCS Doppler Loc. RCS Doppler

Baseline 1.32± 0.79 0.075± 0.049 0.35± 0.43 0.37 0.035 0.753 0.549 0.167 0.202 0.485 0.0459 0.064 0.607
RadarGen 0.95± 0.65 0.069± 0.049 0.51± 0.41 0.66 0.037 0.006 0.014 0.024 0.031 0.060 0.0069 0.022 0.046

We solve for the sparse point map P ′
xy via an L1-regularized, non-negative

deconvolution (LASSO) [72]:

min
Pxy≥0

1

2
∥Kσ ∗ Pxy −M ′

p∥22 + λ∥Pxy∥1, (1)

where λ balances data fidelity and sparsity. We optimize this objective using an
Iteratively Reweighted L1 (IRL1) [15] scheme with a FISTA [4] solver, which
provides fast convergence and stable recovery of sparse signals. The resulting
P ′
xy is thresholded to extract the final set of L 2D coordinates {(xi, yi)}Li=1.

For each recovered location, we retrieve the RCS and Doppler attributes from
their corresponding map positions, producing the final reconstructed radar point
cloud P ′ = {(xi, yi, ri, di)}Li=1.

4.4 Implementation details

Our diffusion model is a modified SANA DiT [53, 82] adapted for image con-
ditioning, utilizing its pre-trained v1.1 autoencoder. We use UnidepthV2 [54]
for metric depth estimation, Mask2Former [13] (trained on Cityscapes [14]) for
semantic segmentation, and UniFlow [87] for flow prediction. We trained the
model for 2 days on 8 L40 (48GB) GPUs. During training, we drop each condi-
tion with a 10% probability. We filter the radar point clouds to a ±50m range and
use a 512 × 512 grid. Further implementation details are in the Supplementary
Material.

5 Experiments

We start by describing the dataset, metrics, and baseline. In Sec. 5.1, we evaluate
RadarGen on radar point cloud generation from images. We then show how our
proposed method can be used for scene editing in Sec. 5.2. Finally, in Sec. 5.3
we analyze our design choices.
Dataset. We evaluate on the MAN TruckScenes dataset [23] of driving scenes,
which provides multi-view camera images and radar point cloud data with higher
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Fig. 5: Qualitative results. Our model generates point clouds with higher geometric
and attribute fidelity to the ground truth compared to the baseline. RadarGen uses
inputs t and t+∆t, while the baseline uses only t. Ground truth bounding boxes are
highlighted in color.

quality than other datasets, and includes rural and urban environments. After
excluding dark, uninformative scenes with near-zero visibility, we use 431 clips
for training and 49 for evaluation. While clips contain approximately 200 frames
each, only 40 include bounding box annotations. We train on all frames in the
training set and evaluate only on the annotated frames, which include bounding
boxes for visible objects. Evaluation on the nuScenes dataset [8] is available in
the Supplementary Material.

Evaluation metrics. As no standard benchmarks exist for our conditional
radar generation task, we propose an evaluation framework. Our metrics assess
three key aspects: geometric fidelity, radar attribute fidelity, and distribution
similarity. Given the importance of foreground points for object detection, we
calculate metrics for both the overall scene and points within annotated object
bounding boxes. For geometric fidelity, we report Chamfer Distance on location
(CD Loc.) and the full vector of normalized location, RCS and Doppler (CD
Full), Point Cloud IoU at 1m (IoU@1m) [63], Density Similarity, which mea-
sures the distance in number of points in a bounding box compared to the ground
truth, and Bounding Box Hit Rate. Radar attribute fidelity is assessed using
Distance-Attribute (DA) Recall, Precision, and F1-score, which assess the prox-
imity of generated points with similar RCS and Doppler values to ground truth
points. Finally, we evaluate distribution similarity using Maximum Mean Dis-
crepancy (MMD) for both entire point clouds and for points aggregated within
object bounding boxes across scenes. Additional details on all metrics are avail-
able in the Supplementary Material.

Baseline. We use the feedforward model RGB2Point [39], which is suitable
for the task of predicting a point cloud from multi-view images. We extend
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Generated Edited Radar Generated Radar Generated Edited Radar

Real Images Edited ImageEdited Image

”Add a silver car””Remove the car”

Fig. 6: Scene editing. Modifying the input images using an off-the-shelf image editing
tool updates the radar response, demonstrating object removal (left) and insertion
(right).

the model output to include RCS and Doppler, and increase the number of
parameters to 432M, which is comparable to our model with 592M parameters.
See Supplementary Material for more implementation details about this baseline.

5.1 Radar point cloud generation

Quantitative evaluation. In Tab. 1 we compare RadarGen to the baseline
on the MAN TruckScenes dataset. RadarGen broadly outperforms the baseline.
A notable exception is CD Full in Entire Area, which is expected as the baseline
model was trained using a similar loss objective.

Qualitative evaluation. In Fig. 5, we visually compare our results with the
baseline and ground truth on two examples. RadarGen’s generated point clouds
closely match the ground truth in shape, distribution, and count, demonstrating
a significant advantage over the baseline. Further visualizations and scene videos
are available in the Supplementary Material.

Compatibility with perception models. We adapt and train the Voxel-
NeXt [12] detector on MAN TruckScenes radar data, which yields an NDS [8]
of 0.48 on real data (50m range). We then evaluate this detector on generated
radar point clouds (PCLs). On PCLs from RadarGen, the detector scored an
NDS of 0.30. In contrast, the detector struggled to find valid objects in the
baseline’s PCLs, resulting in an NDS of nearly zero. Full results are available in
the Supplementary Material. Interestingly, while our generated radar achieves a
high hit rate (0.66) within true bounding boxes, the overall detection quality still
underperforms compared to real data. This could be attributed to the detector’s
tailoring to specific, intricate properties of the true data that our model may
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Table 2: Ablation Study. We demonstrate the importance of each RadarGen con-
dition and compare against a model conditioned directly on multi-view (MV) camera
images. Evaluation covers geometric fidelity (CD, IoU, Density Similarity, Hit Rate),
radar attribute fidelity (DA Recall, Precision, F1), and distribution similarity (MMD).
Shown is the mean ± s.d., computed over all timestamps for the Entire Area and over
all foreground objects for the Foreground.

Method Entire Area

CD Loc. (↓) CD Full (↓) IoU @ 1m (↑) DA Recall (↑) DA Prec. (↑) DA F1 (↑) MMD Loc. (↓) MMD RCS (↓) MMD Doppler (↓)

MV Camera Cond. 1.88± 0.50 0.041± 0.009 0.28± 0.12 0.26± 0.13 0.25± 0.12 0.25± 0.11 0.059± 0.057 0.06± 0.09 0.24± 0.85
W/o Appearance map 1.71± 0.40 0.040± 0.008 0.31± 0.11 0.23± 0.12 0.25± 0.12 0.23± 0.12 0.059± 0.069 0.09± 0.16 0.35± 0.86
W/o Semantic map 1.72± 0.40 0.041± 0.010 0.31± 0.11 0.22± 0.12 0.24± 0.12 0.23± 0.12 0.059± 0.061 0.12± 0.26 0.33± 0.72
W/o Velocity map 1.69± 0.40 0.040± 0.008 0.31± 0.11 0.23± 0.12 0.25± 0.12 0.23± 0.12 0.057± 0.064 0.09± 0.16 0.34± 0.80
RadarGen 1.68± 0.39 0.040± 0.008 0.31± 0.11 0.23± 0.12 0.26± 0.12 0.24± 0.12 0.056± 0.062 0.09± 0.15 0.31± 0.74

Foreground

CD Loc. (↓) CD Full (↓) Density Sim. (↑) Hit Rate (↑) MMD Car (↓) MMD Truck (↓) MMD Trailer (↓)

Loc. RCS Doppler Loc. RCS Doppler Loc. RCS Doppler

MV Camera Cond. 1.0± 0.67 0.069± 0.050 0.47± 0.42 0.56 0.025 0.018 0.024 0.017 0.070 0.073 0.0029 0.037 0.040
W/o Appearance map 0.95± 0.64 0.069± 0.050 0.51± 0.41 0.65 0.034 0.006 0.019 0.019 0.019 0.059 0.0048 0.026 0.041
W/o Semantic map 0.96± 0.66 0.070± 0.050 0.50± 0.41 0.64 0.045 0.010 0.017 0.023 0.039 0.078 0.0072 0.032 0.061
W/o Velocity map 0.95± 0.65 0.069± 0.049 0.51± 0.41 0.66 0.033 0.006 0.019 0.024 0.018 0.070 0.0051 0.024 0.047
RadarGen 0.95± 0.65 0.069± 0.049 0.51± 0.41 0.66 0.037 0.006 0.014 0.024 0.031 0.060 0.0069 0.022 0.046

not fully capture. A detailed analysis of the subtle differences between real and
generated radar data is beyond the scope of this paper.

Figure 1 visualizes detections on our generated PCL and demonstrates an
augmentation scenario. In this example, a real vehicle is replaced with a gener-
ated truck; the detector successfully perceives the newly generated points as a
truck.

5.2 Scene editing

Our method supports radar point cloud augmentation by editing the input im-
ages using off-the-shelf image editing tools, such as ChronoEdit [78]. Fig. 1
demonstrates object replacement, while Fig. 6 shows examples of object removal
and insertion. Notably, in the Fig. 1 replacement example (car to truck), the
model correctly removes radar points from the area newly occluded by the truck,
demonstrating that it properly handles occlusion changes.

5.3 Ablation study and analysis

BEV conditioning ablations. We assess the contribution of each BEV con-
dition by zeroing it out. Results are shown in Tab. 2. Removing the segmentation
map causes the most significant degradation. It worsens geometric fidelity and
significantly increases the RCS MMD for both the Entire Area and per-object
class in the Foreground. Ablating either the velocity map or the appearance
map primarily degrades the Doppler MMD. Notably, the degradation from re-
moving the appearance map, even with the segmentation map present, suggests
the model leverages finer-grained appearance details to refine its understanding
of object class and thus generate a more realistic motion profile. This confirms
that all input channels are meaningfully fused to produce radar point clouds.
Comparison to multi-view conditioning. We also compare against a model
conditioned directly on multi-view (MV) camera images, which omits the BEV
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Fig. 7: Impact of σ and recovery method on PCL reconstruction. peak selects local
maxima; random samples pixels proportional to the probability map (without replace-
ment); peak+random takes peaks first, then fills remaining points by probability sam-
pling excluding the peaks. MSE is calculated between the input and output of the AE,
whose range is [-1,1].

input. Instead, it uses images from t and t+∆t concatenated as input tokens with
Plücker and modality embeddings. While this MV model achieves an improved
MMD for radar attributes on the Entire Area, our BEV conditioned model
yields better overall geometric fidelity, as detailed in Tab. 2. Furthermore, the
MV approach is computationally prohibitive, requiring over 3× runtime; this
model was trained for 9 days, compared to only 2 days for our BEV conditioned
model. While our BEV representation provides a more efficient and geometrically
accurate solution, the results from the MV model highlight it as a valuable
direction for future research.
Radar PCL reconstruction. We ablate two factors: (a) the 2D Gaussian ker-
nel bandwidth σ for the Point Density Map, and (b) the PCL recovery method.
We test σ ∈ {0.5, 1, 1.5, 2, 2.5, 3} and four recovery methods (random, peak,
peak+random, deconv) on the MAN TruckScenes mini-train set, evaluating AE
reconstruction error and the geometric fidelity of the recovered PCL. As shown
in Fig. 7 (left), larger σ values reduce AE reconstruction error, as smoother
maps are easier to reconstruct. However, overly large σ over-smooths the map
structure, degrading downstream PCL recovery. Balancing this trade-off, we set
σ = 2. For the recovery method, deconv consistently yields the best PCL qual-
ity across all σ values and for both ground-truth and AE-reconstructed maps,
validating its ability to preserve the spatial distribution.

6 Conclusion and Future Work

In this paper, we introduced RadarGen, a probabilistic diffusion framework for
generating realistic automotive radar point clouds from multi-view camera in-
puts. Our method leverages foundation models to create a unified BEV repre-
sentation for conditioning, generates dense BEV radar maps, and uses a decon-
volution solver to recover the final sparse point cloud. Experimentally, Radar-
Gen outperforms our proposed baseline on a comprehensive suite of geometric,
attribute, and distribution metrics. We demonstrate its application in data aug-
mentation via simple image editing and show promising results for downstream
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detectors. Future work will focus on extending our framework for video input,
exploring text-based conditioning, and training on multiple datasets and radar
configurations.

Limitations. Our method’s performance is inherently tied to the capabilities
of the upstream foundation models. It is thus limited in challenging scenarios
where these models underperform, such as in low-light night scenes, with strong
reflections, or during camera occlusion. Additionally, our model can generate
points in areas not directly visible to the cameras. This behavior is a double-
edged sword: while it is desirable for "filling in" occluded objects, it can also
lead to uncontrolled hallucinations in these unseen regions. Finally, in this work
we did not model explicit radar mechanisms, as doing so requires large-scale raw
data and detailed radar specifications and internal mechanisms, which are often
undisclosed. If large-scale raw data becomes available, modeling explicit radar
properties would be a fruitful next step.
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