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Abstract

Leveraging the unique advantages of all-weather anti-interference capability and
deep hardware reuse with 6G communication systems, millimeter-wave radar has
emerged as the most promising native perception carrier for integrated sens-
ing and communication (ISAC) scenarios. However, its inherent limitations of
sparse point cloud distribution and low angular resolution prevent it from achiev-
ing LiDAR-level perception accuracy, which severely hinders its deployment in
unmanned aerial vehicle (UAV) autonomous navigation applications. To address
this issue, we propose RadarSEDiff-T, an optimized latent diffusion model
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designed to reconstruct dense LiDAR-level point clouds from a single millimeter-
wave radar frame. Specifically, we first design a point-cloud-like structure tailored
to the unique properties of radar bird’s-eye view (BEV) maps, and train a ded-
icated radar encoder RSE independently. We further replace the conventional
U-Net architecture with stacked Transformer blocks, enabling multi-dimensional
millimeter-wave radar features to guide the entire diffusion generation process
through global modeling and attention modules. Moreover, we integrate a con-
sistency model to accelerate the inference of the diffusion model, ensuring that
the proposed method can be effectively deployed on resource-constrained UAV
platforms. We evaluate our approach on the public RadarHD dataset. Experimen-
tal results demonstrate that our method outperforms state-of-the-art baselines
on the millimeter-wave radar super-resolution task, and explicitly verifies the
significant speed advantage of our enhanced diffusion framework.

Keywords: Radar Sensing Enhancement, Conditional diffusion model, Latent
diffusion model, Deep learning.

1 Introduction

The evolution of 6G mobile communication is driving a profound transformation of
network architecture from traditional communication-only frameworks to an Al-native
integrated sensing and communication (ISAC) paradigm, where space-air-ground
integrated ubiquitous intelligent perception has become one of the core capabil-
ity objectives of 6G networks. In typical scenarios such as autonomous driving
and UAV autonomous navigation, LiDAR has long served as the core environmen-
tal perception sensor by virtue of its high-density and high-precision point cloud
output[1]. However, its exorbitant hardware cost and severe performance degrada-
tion under adverse weather conditions remain critical bottlenecks hindering large-scale
deployment. Meanwhile, as the native hardware carrier for 6G millimeter-wave commu-

nication, millimeter-wave radar inherently features low cost, strong anti-interference
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capability, and native hardware reusability with communication systems|[2]. Never-
theless, its inherent sparse point cloud distribution and limited angular resolution
have long prevented its perception accuracy from meeting LiDAR-level application
requirements.

In existing cross-modal supervised pseudo-LiDAR point cloud generation
paradigms[3-5], most methods rely on paired radar-LiDAR datasets for explicit
constraint, which not only suffers from high sensitivity to sensor spatiotemporal cali-
bration errors and poor cross-scene generalization, but also produces point clouds with
widespread defects including broken topological structures and missing local details,
making it difficult to reconstruct complete geometric contours of targets. Although
recent studies have attempted to introduce architectures such as generative adversar-
ial networks[6] and U-Net[7] into radar point cloud enhancement tasks, these models
are prone to mode collapse, and the generated point clouds often exhibit scattered
trajectories and blurred edges, failing to stably output LiDAR-level high-precision
perception results.

Recently, benefiting from the progressive denoising generation property, diffusion
models[8] can implicitly learn the fine geometric distribution of point clouds under
sparse and high-noise radar inputs, opening a brand-new technical path to break
through the accuracy upper bound of pure single-frame millimeter-wave radar point
clouds. However, existing diffusion-based methods lack targeted optimization for radar
map characteristics. As illustrated in Fig. 1(a) and (c), radar maps can be regarded
as large black backgrounds with sparse white trajectories, which are essentially single-

channel grayscale images rather than RGB images. Directly processing them as RGB
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inputs will not only increase data dimensionality and raise training difficulty, but
also introduce redundant artifacts from useless channels into final outputs, degrading
generation quality.

Furthermore, most current diffusion models[9-11] adopt U-Net architecture for
inference speed, which limits the influence of radar maps on the entire diffusion process-
radar features can only guide generation via simple concatenation with model inputs
at the very first layer.

To address all the above limitations, we propose RadarSEDiff-T, a conditional
latent diffusion model that optimizes raw millimeter-wave radar measurements to
LiDAR-level fine granularity. Specifically, as shown in Fig. 1(b), we design a 2D
point-cloud-like structure for radar BEV maps, which consists of the coordinates and
grayscale values of each radar pixel. This customized design enables our dedicated
latent encoder, named RSE, to discard useless information such as color and natural
image priors, and focus exclusively on the intrinsic characteristics of radar data.

Moreover, to fully exploit millimeter-wave radar features to modulate the entire
diffusion process, we replace the conventional U-Net backbone with stacked Trans-
former blocks. This modification allows radar features to guide diffusion not only as
conditional inputs at the initial stage, but also to be deeply embedded into the atten-
tion modules of Transformer blocks to provide more fine-grained generation guidance.
In addition, we introduce a consistency model[12] to boost the inference efficiency of
the framework. Through distillation on the full pretrained diffusion model, our method

achieves high-fidelity generation within only a few steps, even single-step inference.
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Fig. 1 (a) presents a comparative study between the RGB three-channel and grayscale single-channel
representations of radar BEV maps; (b) illustrates the corresponding mapping relationship when
converting the radar grayscale map to the 2D point-cloud-like structure; (¢) provides a dimensionality
comparison between the encoded features from the conventional image structure and the proposed

2D point-cloud-like structure.

This significant speedup ensures that the proposed RadarSEDiff-T can be effectively
deployed on resource-constrained UAV platforms.

The main contributions of this paper are summarized as follows:

® We propose a 2D point-cloud-like structure tailored for radar map characteristics,
and train a dedicated radar encoder RSE. Compared with general image encoders, it
can fully exploit the intrinsic features of radar trajectories and eliminate interference
from irrelevant redundant information.

® We present the RadarSEDIiff-T conditional latent diffusion model, which adopts
stacked Transformer blocks as the core backbone to enable comprehensive guidance
from millimeter-wave radar features for the entire diffusion generation process. A
consistency acceleration module is further integrated to boost the overall inference

efficiency, supporting deployment on resource-limited edge platforms.
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® Extensive experiments on the public RadarHD dataset demonstrate the strong
competitiveness of our proposed model, especially its prominent inference speed
advantage. Sufficient ablation studies quantitatively verify the effectiveness and

performance gain of each individual module in the RadarSEDiff-T framework.

2 Related Work

Based on the research content and algorithm proposed in this paper, we conduct a
comprehensive and in-depth investigation into deep learning-based radar perception

enhancement algorithms and diffusion generative models.

2.1 Deep Learning Algorithms for Radar Perception

Enhancement

Millimeter-wave radar, with its all-weather working capability that penetrates rain-
drops, fog, dust and other particulates, has become one of the core sensors for
intelligent perception in complex environments. However, its reflected signals are
highly susceptible to multipath effects and clutter interference. After being processed
by traditional target detectors such as CFAR[13] and MUSIC[14], only sparse and
noisy point clouds can be obtained, which are insufficient to support high-precision
perception tasks. Early radar perception enhancement studies mostly focused on post-
processing of sparse point clouds: removing outliers via RANSAC[15], completing
SLAM mapping combined with velocity estimation[16], or introducing convolutional

neural networks to fuse monocular images for cross-modal object detection[4]. These
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schemes are inherently constrained by the sparsity of raw point clouds, making it
impossible to achieve dense and fine-grained environmental characterization.

To break this limitation, the research community has gradually shifted to deep
learning-based point cloud generation paradigms. Some studies take LiDAR point
clouds as cross-modal supervision[3] to directly upsample the sparse point clouds
output by traditional pipelines, but their enhancement performance has a clear
upper bound since massive raw radar signal information has already been lost in
pre-processing stages. Subsequent attempts learn the mapping from intermediate
representations[17] such as range-Doppler heatmaps and azimuth-elevation maps to
LiDAR representations via UNet and similar networks, yet limited by the generation
capacity of the architecture, the final outputs are prone to losing sharp edges and fine
geometric textures. Although the introduction of non-coherent integration and syn-
thetic aperture integration[5] can improve point cloud density and angular resolution
to a certain extent, these methods heavily rely on accurate ego-motion estimation,
which makes them infeasible in extreme scenarios where other sensors fail.

The rapid evolution of generative models in recent years has opened a new path
for this field. VAE-based methods[18] can convert sparse radar BEV representations
into LiDAR-like dense outputs, but their generation results generally suffer from
blurred edges. The cGAN architecture[19] can obtain high-definition enhanced outputs
through adversarial training, but it is easily constrained by specific object categories
and has obvious shortcomings in generalization, making it difficult to meet the radar
perception enhancement requirements in complex open scenarios. These methods do

not adopt specialized encoding for sparse radar BEV maps, but process them as
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ordinary natural images. Due to the inherent differences between radar BEV maps
and natural images, the enhancement performance of these methods is inevitably

compromised to a certain extent.

2.2 Diffusion Generative Models

Proposed by Ho et al.[8], diffusion model is a generative model built on Markov chains,
whose core idea is to learn data distribution by constructing two symmetric stochastic
processes: the forward diffusion process and the reverse reconstruction process. It
represents a new paradigm of generative models, and has recently surpassed previous
state-of-the-art models on image generation tasks to achieve new SOTA performance.

In recent years, diffusion models, with their outstanding denoising and generation
capabilities in general visual tasks, have provided a brand-new technical path for radar
perception enhancement, and show remarkable application potential in the task of
converting radar measurements to LiDAR-like representations. Among representative
existing studies, Luan et al.[9] constructed a conditional denoising diffusion proba-
bilistic model, which takes radar BEV images as condition to complete denoising and
enhancement on temporally stacked corrupted LiDAR height maps, and optimizes the
generation quality of sparse regions via weighted L1 loss. Zhang et al.[10] introduced
the elucidated diffusion model and consistency sampling strategy to replace the tra-
ditional iterative denoising pipeline, and adopted LPIPS perceptual loss to improve
generation quality while retaining the classic range-azimuth FFT preprocessing. Zhao

et al.[11] introduced a pre-training framework from the monocular depth estimation
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domain, and combined it with conditional latent diffusion models to realize single-
frame radar perception enhancement, where both the encoder and the backbone U-Net
are pre-trained to leverage the strong geometric priors of monocular depth estimation
on walls, corners and object boundaries.

It is worth noting that all these methods tend to select U-Net as the backbone
network of diffusion models. While this choice improves model efficiency and guar-
antees certain robustness, it severely limits the embedding paths for the conditional
radar BEV information. This flaw degrades the final performance to a certain extent,
especially under the single-frame setting, leading to significant performance loss in
range and angular resolution. Drawing inspiration from these prior studies, we pro-
pose RadarSEDiff-T, which is designed to implement specialized encoding for radar
BEV maps and integrate Transformer modules to better exploit the geometric spa-
tial features of the conditional radar input. Furthermore, it incorporates a consistency

model to significantly improve the overall inference efficiency of the framework.

3 Methodology

3.1 Overall Workflow

First, each LIDAR BEV image X € R¥>*Wx3 is converted into a 2D point-cloud-like
structure X = {z'}" , consisting of n points, where each point ' € R? is constructed
from the coordinates and grayscale value of the original pixel. The processed structure
is then encoded by the proposed RSE module into the latent variable Z € RN*C,

Unlike image diffusion, the generation probability of each point in point clouds is
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Fig. 2 The RadarSEDiff-T model architecture diagram. The left part corresponds to the RSE Mod-
ule, which encodes the radar map converted into the point-cloud-like structure into latent variables
via the pre-trained RSE encoder, and also implements the decoding operation for the latent vari-
ables generated by the model. The right part is the main diffusion backbone module, which performs
training by progressively adding noise to the latent variables, then executes denoising to generate
target latent variables, with the global features of the millimeter-wave radar map deeply embedded

throughout the entire process.

mutually independent, and an additional shape latent variable c is required to control
the overall point cloud distribution. The corresponding formulations for forward and

reverse diffusion processes are defined as follows:

N T

1(Za.m)|Z0) = [ [ 1] ezl 120 -1) (1)
i=1t=1
N T _
po(Z(o:1)lc) = H Z(T) H t_1)|ZEt)7C) (2)
i=1 =1
Eq. (1) describes the forward diffusion process of point clouds, which starts from

the initial distribution ¢(Zy) and gradually adds noise until it converges to the nor-

mal distribution ¢(Z7); Eq. (2) corresponds to the reverse diffusion process, which is

10
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a progressive denoising generation process starting from the standard normal distri-
bution A (0, 1) . Here, q(zzt)|zft71)) and py (zftfl) \zét), ¢) denote the Markov diffusion
kernels, which add or remove noise for each point at the previous timestep and model

the distribution of this point at the next timestep. The diffusion kernel is defined as:

9(zwl2-1) = N(Z(t)|mz(t—1)» BeI) (3)

Po(zt—1)|26), ©) = N (2(e—1) 16 (21, L, €), BeI) (4)

where [; is the variance scheduling hyperparameter that controls the diffusion rate

of the process. In Eq. (4), g is the estimated mean implemented by a neural network
parameterized by 6.

As illustrated in Fig. 2, the overall pipeline of RadarSEDiff-T consists of three core
modules:

i) RSE Module: Encodes the 2D point-cloud-like structure converted from BEV
images into the latent variable Z required for diffusion.

ii) Diffusion Transformer Module: Takes the latent variable encoded by the RSE
module as input, extracts features from the radar map, and uses them as conditional
context in the initial embedding stage and the attention modules of Transformer to
control the entire diffusion generation process.

iii) Acceleration Module: Leverages the consistency model to reduce the diffusion
process to only a few steps, even single-step generation, so as to significantly improve

the overall inference efficiency of the model.

11
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Fig. 3 The specific workflow of the RSE Encoder. (a) illustrates the detailed composition of the

customized Block module; (b) demonstrates the specific modules traversed during the encoding and

decoding processes, as well as the corresponding dimensional variation of variables.

3.2 RSE Module

We propose a novel radar feature-oriented encoding paradigm, the RSE Module,
which converts radar BEV grayscale maps into 2D latent variables with point-cloud-
like structures. This design not only reduces the complexity of latent representations,
but also enables subsequent processing to focus more on the intrinsic radar trajec-
tory characteristics rather than the natural image priors of BEV maps. The detailed
architecture of this module is visualized in Fig. 3.

Specifically, as shown in Fig. 3(b), the backbone of the encoding process consists of
three homologous feature aggregation stages, each containing one convolutional layer
and three dedicated blocks. Given a point-cloud-like structure X € R¥*3 with N radar
pixels, X is divided into overlapping patches at each feature aggregation stage, and

then embedded into a new feature space. This operation halves the number of points

12
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and adaptively adjusts the dimension of feature channels for hierarchical encoding.
The detailed structure of each block is presented in Fig. 3(a), where the combination
of convolution, normalization and activation function in the dashed box is selected
according to the specific block type, to achieve the optimal aggregation effect at the

final stage. The decoding process follows the symmetric reverse workflow.

3.3 Diffusion Transformer Module

Benefiting from the dedicated encoding of radar BEV maps by the RSE Module, our
diffusion Transformer module directly trains the denoising process on the encoded
latent variable z using the denoising diffusion probabilistic model (DDPM][8]), and
guides the entire generation process with the extracted millimeter-wave radar features.

For the reverse process, the diffusion model is trained to learn a denoising network
0 that inverts the forward diffusion process. The training objective is to maximize the

variational lower bound of the negative log-likelihood involving all Z:

L0, ¢)

=By Dir(a(Z-1)|Zwy Zo)IPo(Z(e—1)| Z1) ©) (5)
t>1

—logpo(Z(0)| Z(1y, ¢))]

where Dk (.||.) denotes the KL divergence that measures the distance between
two distributions. Since both q(Z_1)|Z), Z(0)) and pe(Z—1)|Z),c) are Gaussian
distributions, we can reparameterize pg(2(s),t,c) to predict the noise term eg(Zy, t, c).
Then the training objective can be simplified to a simple mean squared loss between

the model output €y(Z;, ¢, c) and the ground-truth Gaussian noise €: ||e —eg(Zy, ¢, )|

13
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After training po(Z—1)|Z),c), new latent variables are generated by progressive
sampling Z; 1 ~ po(Z—1)|Z@),c) with the reparameterization trick, where Zp ~
N(0,1) is initialized from standard normal distribution.

To construct a denoising network that can effectively capture long-range depen-
dencies, we modify and adopt DiT as the neural backbone. The embedded Trans-
former architecture is capable of modeling long-term dependencies and capturing
long-distance feature structures via self-attention mechanism.

Furthermore, to enhance the capability of removing useless noise from high-noise
inputs, we introduce a dynamic position encoding to integrate the global features of the
input map and the temporal information of noise timesteps. The dynamic Transformer

is formulated as:

l l l l l l l l l
Q) =z'wy K = 2w v = 20w (6)

- (l)(K(l))T
Zt( ) _ AdaLN(MLP(softmax(~t——t—"—

—=— V)R (7)

where Zt(l) denotes the embedding of diffusion voxel features at the I-th layer, D)

is the dimension of features, P is the position encoding determined by the timestep ¢,
and AdaLN(., P) is the adaptive layer normalization. The AdaLN layer dynamically
adjusts the mean and variance inserted at each layer via an MLP according to the
position encoding P. Under the conditional generation setting, the input radar map
first passes through a residual network and max-pooling layers to extract global fea-

tures, which are taken as the shape latent variable c. Then Kt(l) and V;(l) are computed

14
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according to the latent variable ¢, to guide the generation process inside the attention

modules.

3.4 Acceleration Module

After the diffusion model generates the latent variable and decodes it into the LiDAR
BEV map, we adopt a consistency model[12] to distill the original full diffusion
model. This optimization achieves few-step or even single-step generation, significantly
boosting the overall inference efficiency of the proposed framework.

We integrate a consistency model distillation paradigm into RadarSEDiff-T,
enabling high-fidelity single-step generation. Unlike standard DDPM requiring hun-
dreds of iterative steps, the consistency model leverages the self-consistency property
to map noisy latents at any timestep t directly to the clean data distribution, thereby
bypassing sequential denoising.

We distill the pre-trained RadarSEDIiff-T teacher network €y into a student con-
sistency network fy. The distillation objective enforces consistency between adjacent

timesteps:

Leonsist = Ezg et [1fo(Zt, s tns ) = fo(Z, 1y ta,€)|°] (8)

where t, and t,_; are adjacent noise levels. Crucially, the student network retains
the full conditional embedding path, injecting the radar shape latent ¢ into both initial
embeddings and Transformer attention layers to prevent performance degradation

often seen in accelerated methods.
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Post-distillation, inference is reduced to a single forward pass: sampling Z ~
N(0,1) and feeding it with ¢ into fp yields the final clean latent. This process reduces
inference latency by over 80% compared to the original DDPM, ensuring real-time

deployability on onboard UAV computing units.

4 Experiments

In this section, extensive experiments are conducted to systematically validate the
effectiveness of our proposed method. We first introduce the experimental setup,
including the adopted dataset, evaluation metrics, and detailed implementation config-
urations. Then, quantitative comparison results are presented to demonstrate that our
method outperforms other state-of-the-art approaches. Finally, comprehensive abla-
tion studies of different categories are provided to verify the contribution of each key

module in our framework.

4.1 Dataset and metrics

4.1.1 Dataset

We evaluate our method on RadarHDI[18], a public indoor radar-LiDAR paired
dataset captured by a single-chip millimeter-wave radar system. Specifically, RadarHD
contains approximately 40k raw millimeter-wave radar signal data pairs, with high-
resolution LiDAR ground truth collected across 67 distinct indoor and outdoor
trajectories. In our experiments, we process the raw radar data following the exact

same pipeline as RadarHD to generate radar BEV maps. The resolution of the

16
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millimeter-wave radar BEV map is set to 64 x 256, while the corresponding LiDAR

BEV map has a resolution of 512 x 256.

4.1.2 Evaluation Metrics

We extract 2D point clouds from both the generated BEV outputs and the cor-
responding LiDAR ground truth. For similarity measurement, we select Chamfer
Distance (CD[20]) and Modified Hausdorff Distance (MHD[21]). Given two point
clouds S1, Sy € RNV*3 with |S1| = |S2|, CD calculates the average distance between
each point in S; and its nearest neighbor in Ss. which is widely adopted for its high

computational efficiency, as formulated in Eq.(9).

CcD |S | Z mm lz —yll2 + == |S | Z mm ly — |2 9)

MHD reflects the average degree of mismatch between S1 and Ss. A critical prop-
erty of MHD is that it preserves the constraint on overall contour consistency, which
means it exhibits higher sensitivity to severe local deviations and delivers more robust
safety guarantees. The formal definition of MHD is given in Eq. (10). Lower values of

both CD and MHD indicate better radar enhancement quality.

Hyap(S1,S2) = max(hyap(S1,52), kv p(S2,51)) (10)
1
hyvup(S1,52) = A > 5mem [[s1 = sa (11)
S 2

Here, |S1| denotes the total number of points contained in point set S7, and min

|ls1 — s2|| represents finding the nearest distance from each point in S; to all points

17
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in Sy. Following the prior work [4], both the prediction and the corresponding ground
truth are scaled to a bounding box of [—1,1]? . This normalization allows the metrics
to focus on the geometric shape of the point cloud rather than its absolute scale,

leading to more accurate and unbiased measurements.

Table 1 Comparison of cutting-edge radar perception enhancement performance with prior work
on RadarHD Dataset. The metrics are computed on 48 batch sizes. The best results are shown in

bold. 1 (resp. |) means the higher (resp. lower), the better

Method Frames CD-mean| MHD-mean| Time-cons|
CFAR[13] 1 0.84 0.91 -
RadarHD[18] 41 0.44 0.34 4:54
RadarHD single-frame[18] 1 0.56 0.45 4:23
Luan et al.[9] 5 0.59 0.50 -
Zhang et al.[10] 1 0.38 0.29 42:33
RadarSFD[11] 1 0.35 0.28 2:08:56
Ours-EMD 1 0.36 0.28 13:15
Ours-CD 1 0.38 0.30 5:14

4.2 Implementation details

All experiments are implemented in PyTorch and conducted on a single NVIDIA RTX
5070Ti GPU with 48GB memory. We train our model for 10,000 iterations using the
Adam optimizer[22] with an initial learning rate of le-3, and the batch size is set to

32. During training, ResNet18[23] is adopted as the backbone for radar image feature
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extraction in the Diffusion Transformer Module, and the dimension of the output
feature vector is 384. Both the predicted mean and variance are represented as 384-
dimensional vectors. The denoising model architecture we use is the standard DiT

Block constructed in DiT[24].

4.3 Comparison with Existing Methods

To validate the performance of the proposed method, we conduct comparative experi-
ments with five cutting-edge radar perception enhancement approaches from existing
literature (References CFAR[13], RadarHDI[18], Luan et al.[9], Zhang et al.[10],
RadarSFDJ11]). Among them, the methods proposed by Luan et al.[9], Zhang et al.[10]
and RadarSFD[11] belong to the diffusion model framework. To ensure a fair compar-
ison, the test batch size for all methods is uniformly set to 48. It is worth noting that
all quantitative results of the compared methods are directly cited from their original
publications, or obtained by running their officially released open-source codes and
pre-trained models, with strictly identical parameter configurations consistent with
our experiments.

To evaluate the generalization capability of our method across diverse scenarios, we
train our model on different scene subsets of the RadarHD dataset. Table 1 reports the
CD, MHD and inference latency of each method, while Fig. 5 presents the qualitative
visualization results generated by different approaches. As can be observed from the
comparison results, limited by the conversion loss introduced by the 2D point-cloud-
like encoding, our method does not outperform all prior arts on every single metric.

Nevertheless, our approach achieves a significant improvement in inference efficiency
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Fig. 4 the bubble chart of Table 1.

during the test phase, which is a critical performance indicator for deployment on
resource-constrained platforms.

This conclusion is further visualized in the bubble chart in Fig. 4, where the x-axis
denotes the time consumption, the y-axis represents the MHD value, and the size or
color depth of each bubble corresponds to the CD value. A point located closer to
the upper-right region indicates that the method achieves superior performance while
maintaining high inference efficiency. It can be observed that our method achieves a
dominant advantage in both MHD and CD metrics among all compared approaches.
This benefit stems from our specially designed novel structure and dedicated encoder
for radar BEV maps, which allows the model to avoid redundant computational

overhead on useless dimensions and irrelevant features.
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4.4 Ablation Studies

In this section, we conduct in-depth analysis to verify the effectiveness of our core
modules, including the proposed novel structure encoding module and the two different
image feature embedding strategies.

Effectiveness of the Novel Structure Encoding Module: To evaluate the per-
formance of the proposed encoding module, we carry out ablation experiments on the
RadarHD dataset. As shown in Table 2, we compare our RSE encoder with the pre-
trained Marigold[25] image encoder adopted in RadarSFD, as well as the baseline that
directly feeds raw inputs without any dedicated encoding. The baseline that directly
applies the 2D point-cloud-like structure to the diffusion model fails to converge nor-
mally and cannot produce valid generation results, due to the absence of the shape
latent variable ¢ that governs the overall point cloud distribution. The experimental
results demonstrate that, benefiting from the lower dimensionality of the 2D point-
cloud-like structure compared to conventional image representations and its stronger
focus on intrinsic radar features, our proposed scheme achieves superior performance
in both quantitative evaluation metrics and inference speed.

Effectiveness of the Two Image Feature Embedding Schemes: As illustrated
in Table 3, we not only test different image feature embedding strategies, but also eval-
uate different backbone architectures for the diffusion model. The results show that,
compared with the concatenation-based feature embedding applied before the diffusion
backbone, injecting conditional features into the attention modules inside Transformer
blocks can more effectively guide the entire diffusion generation process, which makes

our proposed scheme achieve better performance on all evaluation metrics.
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Fig. 5 Qualitative visualization results on RadarHD dataset.

5 Conclusion

In this paper, we present RadarSEDiff-T, an effective and feature-fusion enhanced
framework that can accurately enhance the input millimeter-wave radar map to
LiDAR-level precision. By combining the proposed novel structured encoding, ded-
icated feature embedding strategy and consistency model distillation, our method
achieves the state-of-the-art trade-off between inference latency and generation quality,
making it fully deployable on resource-constrained platforms.

We propose a brand-new structure and encoding paradigm specifically tailored for
radar data. After this dedicated structured encoding, the dimensionality and com-

putational complexity are significantly reduced, and the model can better focus on
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Table 2 Ablation Study: Effectiveness of the Novel Structure Encoding

Module. On RadarHD Dataset. The best results are shown in bold

VAE ‘ Struct ‘ CD-mean] MHD-mean/ Time-cons|
Image 0.461863 0.366447 43:34
None
2D-pc 1.239864 1.739515 39:19
Marigold vae Image 0.371886 0.295836 30:08
RSE Encoder 2D-pc 0.365181 0.285765 13:15

Table 3 Ablation Study:Effectiveness of the Two Image Feature

Embedding Schemes. On RadarHD Dataset. The best results are shown

in bold
Condition Model Struction CD-mean] MHD-mean/
DiT 0.382657 0.303385
Concatenation
U-Net 0.382241 0.321237
Cross-Attn DiT 0.375276 0.308968
Concat + Attn DiT 0.365181 0.285765

the intrinsic radar trajectory characteristics, which opens up new possibilities for its
application in the field of single-frame radar perception enhancement. Researchers and
practitioners in this domain can further extend our method to explore new directions
of this specialized structure and encoding paradigm.

In future work, considering the unavoidable conversion loss introduced during the
encoding transformation process, we plan to explore advanced techniques to further

mitigate this loss.
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