
Structure-to-Intensity Diffusion for Adverse-Weather LiDAR Generation

Peiyang Ni1 Longyu Yang1 Lu Zhang2 Kuniaki Saito3 Yap-Peng Tan4

Fumin Shen1 Heng Tao Shen5 Xiaofeng Zhu1,6 Ping Hu1,4*

1University of Electronic Science and Technology of China 2Dalian University of Technology
3OMRON SINIC X 4VinUniversity 5Tongji University 6Hainan University

Abstract

Adverse-weather LiDAR point cloud generation is chal-

lenged by complex weather-induced degradations. These

degradations affect geometry and reflectance in fundamen-

tally different ways, making joint modeling difficult and am-

biguous, especially when diverse real-world training data is

limited. To address this, we propose Structure-to-Intensity

Diffusion (SiD), a diffusion-based framework that explic-

itly factorizes the denoising process at each time step: it

first reconstructs the geometric structure, then conditions

reflectance intensity denoising on the estimated structure.

This structure-conditioned design decomposes the joint dis-

tribution, reduces modeling ambiguity, and leads to point

clouds that are both geometrically coherent and radiometri-

cally realistic. To mitigate data scarcity, we introduce Real-

Prior Weather Simulation (RPWS), a degradation mod-

ule that leverages real-world sensor statistics to synthe-

size physically plausible adverse-weather point clouds from

clear scans. Extensive experiments demonstrate that, with

similar model complexity, our approach outperforms the

previous state-of-the-art in generating adverse-weather Li-

DAR scans with both structural and radiometric properties

more closely aligned with real-world data.

1. Introduction

Light Detection and Ranging (LiDAR) is important for au-

tonomous systems and 3D world modeling [9, 22], offer-

ing precise structural data that is robust to lighting changes

[10]. However, adverse weather, such as rain, snow, and

fog, can degrade both geometry and reflectance, leading to

incomplete or noisy point clouds [7, 15], which undermines

perception reliability and safety. While weather-robust per-

ception has advanced [21, 24, 47, 50], real-world adverse-

weather LiDAR remains scarce due to the difficulty of data

collection. Synthesizing diverse weather-degraded LiDAR

is thus a scalable solution for tackling the challenge.
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Figure 1. Conceptual comparison of generative architectures for

adverse-weather LiDAR. (a) Previous state-of-the-art [45] jointly

denoises structure S and intensity I via a unified network. Under

complex degradations and limited real-world training data, geo-

metric cues may dominate, making it challenging to capture re-

flectance details. (b) Our Structure-to-Intensity Diffusion frame-

work explicitly decouples the denoising, resolving the modeling

ambiguity, and yields more realistic adverse-weather scans.

Recent generative methods, especially diffusion-based

models [8, 11, 17, 35, 37, 49, 52, 54], demonstrate strong

performance in producing realistic LiDAR point clouds. By

leveraging denoising diffusion processes to recover fine-

grained spatial structures, they set new standards for Li-

DAR generation. Yet, most are designed under the clear-

weather assumption and ignore the degradations under ad-

verse weather.

To extend LiDAR generation beyond clear-weather

assumptions, recent studies have investigated genera-

tion under adverse environments. Simulation-based ap-

proaches [12, 13, 20, 30] apply explicit physical models

to mimic weather effects on LiDAR returns. While these

models offer interpretability, they often rely on oversimpli-

fied assumptions about laser propagation and environmental
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interactions, leading to limited realism and diversity. More

recent learning-based methods, such as WeatherGen [45],

combine simulation with data-driven learning to enhance

fidelity. However, these approaches typically model ge-

ometry and reflectance jointly, without accounting for their

fundamentally different degradation patterns [51]. This in-

creases the optimization difficulty, as the model must han-

dle distinct degradation behaviors. Consequently, the train-

ing process can be implicitly dominated by the more stable

geometric cues, while the reflectance signals are underrep-

resented, as illustrated in Fig. 1(a).

To better address the imbalance between geometry and

reflectance modeling, we revisit their causal relationship in

LiDAR sensing. Geometry encodes the spatial structure of a

scene, while reflectance intensity captures how laser pulses

interact with surfaces, shaped by factors such as range, sur-

face orientation, material properties, and atmospheric con-

ditions. As a result, while not entirely determined by geom-

etry, reflectance is strongly influenced by it [5, 19, 23]. In

contrast, inferring geometry from intensity is fundamentally

ill-posed, especially under adverse weather, where degra-

dation introduces significant noise and ambiguity [3, 38].

This asymmetric dependency provides a valuable inductive

bias that can simplify the generative modeling process. In-

stead of directly learning the joint distribution of geometry

and intensity, we formulate the task as a conditional gener-

ation problem, explicitly modeling reflectance conditioned

on geometry. We instantiate this idea through Structure-to-

Intensity Diffusion (SiD) as shown in Fig. 1(b), a factor-

ized diffusion framework in which each denoising step first

reconstructs the geometric structure, then denoises the re-

flectance intensity conditioned on the recovered geometry.

This design mirrors the physical formation of LiDAR mea-

surements, reduces ambiguity and enables better learning of

the distinct degradation behaviors of each aspect.

Another significant challenge lies in the scarcity of di-

verse and high-quality training data under real-world ad-

verse weather. Existing datasets provide limited cover-

age or rely on coarse synthetic degradation, which ham-

pers generalization. To overcome this, we propose Real-

Prior Weather Simulation (RPWS), a parametric degrada-

tion module that synthesizes adverse-weather LiDAR from

clear-weather scans by leveraging empirical sensor statistics

derived from real-world adverse-weather observations. By

capturing depth-dependent attenuation and structured oc-

clusion patterns, along with reflectance distortions, RPWS

enables physically grounded and scalable data augmen-

tation that aligns with real sensing characteristics. This

pipeline allows SiD framework to generalize effectively

across diverse weather conditions in a unified framework.

In addition, existing evaluation metrics for LiDAR gen-

eration are often trained or calibrated on clear-weather data,

making them less reliable under severe degradation. To

address this, we introduce the Fréchet Minkowski Distance

(FMD), a voxel-level metric built upon features extracted

with a Minkowski UNet trained via the pretraining frame-

work SLidR [41] on adverse-weather data. By combining

real adverse-weather LiDAR grounding with rich semantic

priors from large-scale pretrained representations [4], FMD

yields a more robust and perceptually aligned evaluation of

generation quality. In summary, our main contributions are:

• We analyze the asymmetric structure-intensity depen-

dency in LiDAR sensing and introduce a factorized dif-

fusion framework that decouples the generation.

• We propose Structure-to-Intensity Diffusion (SiD), a

factorized diffusion model with structure-aware condi-

tioning, combined with Real-Prior Weather Simulation

(RPWS), which uses real-world scan statistics to synthe-

size realistic adverse-weather data.

• We conduct extensive experiments, and the results

demonstrate that our method outperforms prior work and

remains effective even with limited real training data.

2. Related Works

Generative models have recently emerged as a powerful

paradigm for synthesizing realistic LiDAR point clouds.

Early efforts relied on generative adversarial learning

frameworks [40] and neural radiance field extensions [28],

as demonstrated by methods like DUSty [31, 33]. With the

advancement of diffusion models [16, 34, 42], diffusion-

based approaches have achieved state-of-the-art perfor-

mance in generating high-fidelity and semantically coher-

ent LiDAR data [8, 11, 32, 35, 37, 44, 49, 52, 54]. Li-

DARGen [54] formulates generation as a stochastic denois-

ing process over range images, while R2DM [32] performs

sparse-to-dense completion in range–reflectance space us-

ing DDPM. Text2LiDAR [44] conditions the generation

process on language inputs via an equirectangular trans-

former, and LiDM [37] leverages latent diffusion with

curve-wise encoding for scalable synthesis. Beyond dif-

fusion, UltraLiDAR [48] introduces a discrete codebook

and an autoregressive transformer for sequence-style point

cloud generation, while HoloDrive [46] scales up to street-

level multi-modal scene synthesis with temporal modeling.

However, these methods are predominantly developed and

evaluated on clear-weather datasets [2, 25, 44], thus ignor-

ing the complex degradations induced by adverse weather.

Adverse-weather synthesis has been approached via

physics-based and learning-based methods. Simulation

pipelines like FSRL [12], LSS [13], and LiSA [20] apply at-

mospheric optics (e.g., Beer–Lambert law, Mie scattering)

to simulate fog, snow, and rain. While interpretable, these

models are typically tailored to specific conditions and fail

to generalize to the diversity seen in real data. Learning-

based alternatives, such as WeatherGen [45], combine

physics-aware simulation with diffusion models to capture
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adverse-weather variations. However, most existing meth-

ods jointly model geometry and reflectance, which may

limit learning effectiveness under limited real training data.

3. Methodology

In this section, we introduce the Structure-to-Intensity Dif-

fusion (SiD) framework for generating LiDAR scans un-

der adverse weather, as illustrated in Fig. 2. We begin in

Sec. 3.1 with a brief overview of denoising diffusion prob-

abilistic models (DDPMs) [16, 27]. Next, Sec. 3.2 presents

our Real-Prior Weather Simulation (RPWS) module, which

enriches training data by synthesizing realistic degradations

over clear LiDAR scans with real-world statistics. Finally,

Sec. 3.3 details the SiD framework, which factorizes the

generative process by first denoising geometric structure

and then conditionally generating reflectance intensity, al-

leviating the optimization complexity and improving gener-

ation quality for adverse conditions.

3.1. Preliminaries on Diffusion Models

Denoising diffusion probabilistic models (DDPMs) [16, 27]

are a class of generative models that learn to synthesize data

by reversing a gradual noising process. The forward diffu-

sion process progressively corrupts a clean data sample x0

into pure noise xT over T timesteps by adding Gaussian

noise:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where ᾱt =
∏t

s=1 αs is determined by the noise schedule.

To generate new samples, DDPMs learn a reverse pro-

cess that denoises xT step by step back to x0. Rather than

modeling the full transition distribution q(xt−1 | xt), the

model is trained to predict the noise ϵ added at each step,

by minimizing L = Et,x0,ϵ

[

∥ϵ− ϵθ(xt, t)∥22
]

, where ϵθ(·)
is a neural network and t is the diffusion timestep.

This noise-prediction formulation enables effective

training and high-fidelity synthesis. We build on it for

adverse-weather LiDAR by adopting a factorized reverse

process that first denoises geometry structure and then re-

flectance intensity, improving learning efficiency and ro-

bustness under limited training data.

3.2. Real­Prior Weather Simulation

A major challenge in training LiDAR generation models for

adverse weather lies in the scarcity of real-world data. Cap-

turing LiDAR scans under fog, rain, or snow is logistically

demanding and costly [1, 20], making large-scale collection

difficult. Existing simulation approaches [12, 13, 20, 45] of-

ten rely on simplified physics or handcrafted noise models

that may fail to capture the statistical complexity of real-

world degradations. To bridge this gap, we propose Real-

Prior Weather Simulation (RPWS), a parametric augmenta-

tion module that synthesizes adverse-weather LiDAR from

clean scans using degradation statistics derived from real

data. RPWS separately models geometric and reflectance

distortions, guided by empirical distributions extracted from

real adverse-weather observations.

Geometric Structure Degradation. Adverse weather af-

fects LiDAR geometry mainly through two mechanisms:

(1) range-dependent attenuation, which reduces point den-

sity with distance, and (2) structured occlusions aligned

with the scan pattern, caused by large atmospheric parti-

cles (e.g., fog droplets, raindrops, snowflakes) that block

laser returns. While scattering and partial reflections may

introduce random geometric noise, RPWS focuses on the

dominant attenuation and occlusion effects observed in real

data.

Given a clear-weather training scan, we randomly sam-

ple an adverse scan from the training set and compute a

depth-wise decay profile Pdec(r) from this pair. The range

dimension is discretized into bins [rk, rk+1), and the decay

rate for a point x in the clean scan is computed as:

Pdec(x) =
Nadver(r(x))

max(Nadver(r(x)), Nclear(r(x)))
, (2)

where r(x) denotes the range bin of x, and Nclear, Nadver are

the counts of valid returns in that bin for the clear and ad-

verse scans, respectively. To capture structured occlusions,

we modulate this decay with a spatial mask S(x) ∈ [0, 1]
derived from the sampled adverse scan’s range-view rep-

resentation, encoding empirical point-wise visibility. The

final survival probability for each point in the clean scan is

given by:

z(x) ∼ Bernoulli
(

Pdec(x) · S(x)
)

. (3)

This formulation transfers the adverse scan’s attenua-

tion and occlusion statistics to the clean scan, producing

stochastic yet physically grounded geometric degradations.

Reflectance Intensity Degradation. Adverse weather

also distorts LiDAR reflectance through complex, signal-

dependent effects that are poorly captured by additive noise.

Given the same clear/adverse pair, we learn a transforma-

tion T : R → R that maps clean reflectance values to an

adverse-weather distribution. We compute empirical re-

flectance histograms Pclear and Padver, and estimate an op-

timal transport map T ∗ by minimizing the Wasserstein dis-

tance:

T ∗ = argmin
T

D
(

Pclear ◦ T−1, Padver

)

, (4)

subject to the push-forward constraint T#Pclear = Padver.

The resulting map T ∗ captures weather-specific shifts in the

reflectance distribution and is used to transform the clean

scan’s reflectance channel, producing radiometrically con-

sistent adverse-weather simulations.
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Figure 2. Overview of the proposed Structure-to-Intensity Diffusion (SiD) framework for adverse-weather LiDAR generation. We begin by

enriching training data using the Real-Prior Weather Simulation (RPWS) module, which synthesizes realistic adverse-weather degradations

from clear LiDAR scans based on real-world priors. The resulting scan is processed by a weather encoder to extract a compact embedding

φW , which is added into a weather bank MW for future sampling. During SiD training, raw training scans are projected into range

images and corrupted into noisy states (St, It). Conditioned on the weather embedding φW , a structure denoiser UNetS reconstructs the

geometry Ŝ0 and encodes it into a structure embedding φS . An intensity denoiser UNetI then generates reflectance conditioned on both

φW and φS , following the dependency order S → I . During SiD sampling, the embedding φW for target weather is retrieved from the

weather bank. Starting from Gaussian noise (ST , IT ), the model first denoises the geometry structure and then the reflectance intensity at

each timestep, ultimately yielding the final adverse-weather LiDAR scan.

In summary, during each training iteration, RPWS takes

a clean scan and randomly samples an adverse scan to ex-

tract structure- and reflectance-level degradation statistics.

These are then applied directly to the clean scan, generating

diverse and physically faithful adverse-weather augmenta-

tions without introducing additional learnable parameters.

3.3. Structure­to­Intensity Diffusion

The RPWS module in the previous subsection underscores a

key observation: geometric structure and reflectance inten-

sity respond differently to adverse weather, exhibiting dis-

tinct degradation patterns. This disparity suggests that di-

rectly modeling their joint distribution P(S, I | c), where S

and I represent geometry and reflectance, and c denotes the

conditioning weather, is inherently difficult, especially un-

der limited real-world supervision. In practice, the stronger

geometric cues often dominate the learning process, while

the weaker and noisier reflectance signals tend to be under-

fitted or physically inconsistent [18, 19]. To mitigate this

imbalance, we introduce a structure-to-intensity generation

framework that explicitly decouples the learning of S and I

by exploiting their asymmetric dependency.

We build on the key insight that LiDAR sensing exhibits

an asymmetric causal relationship between geometry and

intensity. Intensity I is a radiometric response determined

by the underlying geometry S and contextual factors (e.g.,

range, incidence angle, surface material, and atmospheric

attenuation). While I is influenced by other factors and

remains ambiguous, it is nonetheless conditioned on the

spatial structure S, establishing an asymmetric dependency.

Based on this observation, we formulate the generative pro-

cess using a causal factorization:

P(S, I | c) = P(S | c)P(I | S, c), (5)

where S and I denote the geometry structure and re-

flectance intensity, and c represents the conditioning con-

text (e.g., weather tag). This decomposition mirrors the un-

derlying dependency in LiDAR sensing and simplifies the

learning objective by separating two conditionally related

distributions.

To implement this factorization, we adopt a denoising

diffusion probabilistic model (DDPM) as our generative

backbone. We design a factorized reverse process that first

denoises the geometry structure and then generates the re-

flectance intensity conditioned on the recovered structure.

In particular, at each reverse timestep t, the transition distri-

bution can be formulated as:

pθ(St−1,It−1 | St, It, c)

= pθ(St−1 | St, c) · pθ(It−1 | It, St, c)

= pθ(St−1 | St, c) · pθ(It−1 | It, Ŝ0, c).

(6)

The second line reflects a substitution in which the con-

ditioning on St in the intensity branch is replaced by its

denoised estimate Ŝ0, which is deterministically predicted

from St at each step. This is justified by the causal struc-

ture of LiDAR sensing: reflectance is primarily a function

of the underlying geometry. Since Ŝ0 better approximates
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the clean geometry than the noisy St, it offers a more sta-

ble and physically meaningful reference for guiding the de-

noising of intensity. This substitution retains the Markov

property of the diffusion chain while improving generation

quality through cleaner conditioning.

3.3.1. Model Architecture

We present our approach as the Structure-to-Intensity Dif-

fusion (SiD) framework, as illustrated in Fig. 2 middle. Li-

DAR scans are represented in range view as x ∈ R
2×H×W ,

where the two channels correspond to geometric structure

S (e.g., depth) and reflectance intensity I . The proposed

method operates directly on this 2D range-view representa-

tion and consists of four main components: a structure de-

noising branch with UNetS , an intensity denoising branch

with UNetI , a weather encoder EW , and a structure en-

coder ES .

In the structure denoising phase, UNetS takes a noisy

geometric structure map St and predicts the noise compo-

nent ϵ̂St , resulting in the estimated cleaned output Ŝ0, which

is then passed to the structure encoder ES and aggregated

into a latent embedding ϕS ∈ R
D capturing geometric con-

text. This embedding is used to condition UNetI in the

intensity denoising step, which denoises the noisy intensity

map It into Î0. Both branches also receive a shared weather-

specific embedding ϕW ∈ R
D that encodes environmental

information, such as the desired weather tag.

Structure and Weather Encoders. The structure encoder

ES extracts high-level geometric cues Ŝ0 estimated by the

structure denoising branch UNetS at step t. This encoder

is designed to extract spatial and geometric features into a

compact embedding ϕS ∈ R
D, which serves as a condition-

ing signal for the intensity denoising branch. Specifically,

ES employs a sequence of layers to progressively aggregate

features into the embedding space:

ϕS = ES(Ŝ0). (7)

This embedding captures the geometric context necessary

for guiding intensity denoising, ensuring that intensity pre-

dictions remain coherent with the underlying structure.

Similarly, the weather-conditioning embedding ϕW is

obtained via a weather encoder EW , which shares the same

architectural design as ES . The weather encoder takes as

input the augmented clean sample [Sa, Ia] with the adverse-

weather simulation, and produces a weather-specific em-

bedding:

ϕW = EW (Sa, Ia) . (8)

This embedding encodes the environmental degradation

characteristic of the target weather condition, enabling the

model to adapt its generation process accordingly.

Weather Embedding Bank. To enable weather condi-

tioning in generation, we construct a weather bank MW

that stores various weather embeddings for different adverse

weather conditions. Specifically, we apply RPWS to clear

LiDAR scans to simulate realistic degradations under var-

ious weather tags. Each resulting scan is passed through

the weather encoder EW to extract an embedding ϕ
(i)
W via

Eq. 8, with the associated weather condition ci. The embed-

ding ϕ
(i)
W is stored in the memory bank along with its label,

yielding:

MW = {(ci, ϕ(i)
W )}Mi=1.

At generation time, given a target condition c, we retrieve

a weather-specific embedding ϕW by randomly sampling

from the subset {ϕ(i)
W | ci = c} inMW . This approach pro-

vides a lightweight, data-driven conditioning mechanism

that avoids runtime simulation and enables diverse weather-

aware generation.

Denoiser Backbone. Both UNetS and UNetI follow a

standard encoder-decoder architecture with skip connec-

tions [26, 39, 53], incorporating Adaptive Group Normal-

ization (AdaGN) [6] at each layer to integrate the condi-

tioning embeddings ϕW and ϕS . At each denoising step t,

the structure branch UNetS predicts the ϵt from the noisy

input St, conditioned solely on the weather embedding ϕW

and the timestep t:

ϵ̂Sθ = UNetS(St, t, ϕW ), (9)

which is then used to compute an estimated clean structure

map Ŝ0 =
St−

√
1−ᾱt ϵ̂

S

θ√
ᾱt

. The Ŝ0 is subsequently fed into the

structure encoder ES to produce ϕS , which, together with

ϕW , conditions the intensity branch UNetI :

ϵ̂Iθ = UNetI(It, t, ϕW + ϕS). (10)

In practice, we allow the denoiser to access both It and

St to provide richer structural context and improve stabil-

ity during training. Gradients from the intensity branch are

detached with respect to St to preserve the intended depen-

dency direction.

To effectively incorporate these conditioning signals ϕ

into the UNets, for each intermediate feature map h in the

network, the conditioning embeddings are first transformed

via internal MLPs of AdaGN to produce scale and shift pa-

rameters:

γ, β = MLP(ϕ). (11)

These parameters are then combined and applied to modu-

late the normalized features:

AdaGN(h, ϕ) = GN(h)⊙ (1 + γ) + β, (12)

where GN(·) denotes standard group normalization and ⊙
represents element-wise multiplication. This modulation

mechanism allows the network to dynamically adjust its

internal representations based on both the weather-specific
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context encoded in ϕW and the geometric structure encoded

in ϕS , thereby enabling fine-grained control over the gener-

ated intensity patterns.

3.3.2. Training and Sampling

Training. At each training step, SiD receives an adverse-

weather LiDAR scan in range view (S0, I0) and its corre-

sponding weather label c. Each sample is either from real

data or synthesized via RPWS. The associated weather em-

bedding ϕc
W is computed using Eq. 8. To train the diffusion

models, we apply the standard forward noising process:

St =
√
ᾱtS0 +

√
1− ᾱtϵS , It =

√
ᾱtI0 +

√
1− ᾱtϵI ,

(13)

where ϵS , ϵI ∼ N (0, I), with
√
ᾱt and

√
1− ᾱt being the

signal and noise scales.

The structure denoiser UNetS predicts ϵ̂Sθ and recon-

structs a clean estimate Ŝ0, which is then encoded into ϕS

via ES to condition the intensity denoiser UNetI to predict

ϵ̂Iθ . The training objective is a sum of denoising losses:

L = Et,ϵ

[

w(t)∥ϵS − ϵ̂Sθ ∥22 + w(t)∥ϵI − ϵ̂Iθ∥22
]

, (14)

where w(t) denotes the Min-SNR time-dependent weight-

ing [14]. To enforce the causal factorization S→ I , gradi-

ents from the intensity branch are detached with respect to

Ŝ0, ensuring that UNetS is updated solely via its own loss.

Sampling. During inference, SiD follows the same sequen-

tial generation scheme as during training. Given a target

weather label c, the corresponding weather embedding ϕc
W

is randomly sampled from the weather bank MW . Start-

ing from Gaussian noise (ST , IT ) ∼ N (0, I), geometry

and reflectance are denoised in order. The structure branch

produces Ŝ0, which is encoded into ϕS and used to condi-

tion the intensity denoiser. The reverse update for intensity

It−1 = 1√
αt

(

It − 1−αt√
1−ᾱt

ϵ̂Iθ

)

+ σtz, where z ∼ N (0, I),

and St−1 is updated in a similar way. This ensures re-

flectance aligns with the recovered geometry and target

weather. The full sampling process is presented in Algo-

rithm 1.

4. Experiments

4.1. Datasets and Evaluation

We conduct experiments with standard datasets including

KITTI-360 [25] and STF [1], representing clear and adverse

weather domains, respectively. KITTI-360 provides 76,715

clean LiDAR scans from a 64-beam Velodyne sensor, while

STF includes approximately 7,000 real-world scans under

fog, rain, and snow. Each weather condition spans hundreds

to thousands of sequences. Following WeatherGen [45],

we generate 10,000 clear-weather and 200 adverse-weather

scans, and compare their distributions to testing sets from

Algorithm 1 SiD Sampling Procedure

Require: Weather type c ∈ {foggy, rainy, snowy}, steps T

Require: Weather embedding bankMW

Require: Encoders ES , EW , Denoisers UNetS ,UNetI
1: Sample weather embedding: ϕc

W ←MW (c)

2: Initialize noise: ST , IT ∼ N (0, I)

3: for t = T, T−1, . . . , 1 do

4: ϵ̂Sθ ← UNetS(St, t, ϕ
c
W )

5: Ŝ0 ← Recon(St, ϵ̂
S
θ )

6: ϕS ← ES(Ŝ0)

7: ϵ̂Iθ ← UNetI([It;St], t, ϕ
c
W + ϕS)

8: Î0 ← Recon(It, ϵ̂
I
θ)

9: Update St−1, It−1 via reverse diffusion

10: end for

11: return Final output: x̂0 = [Ŝ0, Î0]

KITTI-360 and STF. We adopt standard evaluation met-

rics from prior work [32, 37, 44, 45, 54] to assess gen-

eration fidelity across multiple views: point clouds, range

images, and bird’s-eye views (BEV). Specifically, Fréchet

Point Distance (FPD) and Fréchet Range Distance (FRD)

measure distributional similarity using PointNet++ [36] and

RangeNet++ [29] embeddings, while Jensen–Shannon Di-

vergence (JSD) and Maximum Mean Discrepancy (MMD)

evaluate occupancy and statistical gaps in BEV space.

To overcome the limitations of clear-weather-trained

metrics, we further introduce the Fréchet Minkowski Dis-

tance (FMD), which measures distributional alignment in

a voxel-based feature space. This space is extracted using

a Minkowski UNet trained via the SLidR framework [41]

on the STF dataset. SLidR distills dense semantic features

from large-scale pretrained image encoders into 3D point

clouds through pixel-to-point supervision. As a result, the

learned voxel features inherit the robustness and general-

ization ability, while being grounded in real-world adverse-

weather LiDAR data. This makes FMD more resilient to

weather-induced noise and better aligned with both geo-

metric and reflectance structures, offering a more reliable

evaluation under challenging conditions.

4.2. Implementation Details

Our model consists of two denoising UNets and two con-

dition encoders. The UNets follow the same four-stage

encoder-decoder design, with three residual blocks per

stage for enhanced feature learning. The condition encoders

use three convolutional layers, interleaved with two Vision-

Mamba refinement layers [43], and two fully connected lay-

ers to produce compact embeddings. We adopt a two-stage

training strategy: first, training on RPWS-augmented data

to learn general weather priors, followed by fine-tuning on

STF data to adapt to real-world conditions. Training is con-

ducted on four NVIDIA L40S GPUs. We use learning rates

35909



Table 1. Quantitative comparison under different adverse weather

conditions on STF [1].

Method

Point Cloud Image Bird’s-Eye View

FMD ↓ FPD ↓ FRD ↓
MMD

×10
4 ↓

JSD

×10
1 ↓

F
o
g

FSRL [12] - 319.32 2105.10 8.56 3.69

WxGen [45] 3.29 314.14 1968.90 8.08 2.66

Ours 2.11 119.29 1370.00 3.62 1.47

R
a

in

LISA [20] - 301.11 1452.30 4.30 3.23

WxGen [45] 4.65 86.40 1270.60 4.15 0.93

Ours 0.42 63.81 1140.21 1.11 0.93

S
n

o
w

LSS [13] - 106.37 1421.70 3.59 2.11

WxGen [45] 3.39 59.28 1241.70 1.71 0.77

Ours 2.28 32.38 1080.68 1.28 0.65

of 4 × 10−4 and 1 × 10−4 for pretraining and fine-tuning,

respectively, with a batch size of 8 and 75,000 iterations. A

cosine annealing schedule with warm-up is used, along with

an Exponential Moving Average (decay 0.995) to stabilize

training.

4.3. Weather­Conditioned LiDAR Generation

Adverse-Weather Generation. Tab. 1 reports the perfor-

mance across fog, rain, and snow conditions on the STF

benchmark [1]. Our method consistently achieves the best

results across all metrics and weather types, showcasing its

strong ability to model both geometric degradation and re-

flectance distortion. In fog, our method significantly im-

proves over WeatherGen [45], reducing FPD from 314.14 to

119.29 and FRD from 1968.90 to 1370.00. It also achieves

the lowest BEV discrepancies, with MMD dropping to 3.62

and JSD to 1.47. For rain, our method also leads in all

metrics—most notably lowering FRD to 1140.21 and FPD

to 63.81, while also achieving the best FMD score (0.42).

Under snow, it continues to outperform baselines, reducing

FPD to 32.38 and FRD to 1080.68, along with the best BEV

alignment (MMD 1.28, JSD 0.65). In addition, as shown in

Fig. 3(a), our approach is highly efficient in terms of real

adverse data. It maintains strong performance even with

just 10% of real data, while WeatherGen’s quality degrades

more sharply under limited supervision. This emphasizes

the advantage of our structure-to-intensity strategy in jointly

optimizing geometry and reflectance via synthetic priors,

which effectively reduces dependence on costly real-world

data. These consistent improvements highlight the benefits

of our geometry-to-intensity generation strategy. By condi-

tioning reflectance on structure, the proposed method pro-

duces physically coherent outputs and better captures how

different weather conditions affect LiDAR signals. Quanti-

tative results are also presented in Fig. 4.

Clear-Weather Generation. While our method is de-

signed for adverse conditions, the Structure-to-Intensity

strategy also holds in clear weather, where geometric and

(a) Ratio of Real Data in 

0

5

10

15

20

10% 20% 50% 100%

WeatherGen Ours

F
M

D

Training (b) Distribution on Snow

Real Clear

Real Adv.

Ours w/o FT

Ours w/ FT

RPWS

Figure 3. (a) Performance under snow condition with varying

amounts of real data used in training. (b) t-SNE visualizations

of real-world data, RPWS-simulated data, and our generated data

with and without fine-tuning for snow condition.

Table 2. Quantitative comparison with state-of-the-art methods on

the KITTI-360 dataset [25].

Method

Point Cloud Image Bird’s-Eye View

FMD ↓ FPD ↓ FRD ↓
MMD

×10
4 ↓

JSD

×10
1 ↓

LiDARGen [54] - 90.29 579.39 7.39 0.73

LiDM [37] - 34.36 334.55 1.07 0.47

R2DM [32] 2.00 6.24 149.66 1.91 0.30

Tx2LDR [44] 2.72 4.81 164.16 0.49 0.20

WxGen [45] 1.86 6.15 138.62 0.39 0.20

Ours 1.75 5.62 135.13 0.41 0.20

radiometric signals remain informative yet distinct. To eval-

uate its generality, we evaluate our work on the KITTI-360

dataset [25], which features high-quality LiDAR in clean

environments. As shown in Tab. 2, our method outper-

forms the LiDAR generation baselines in point cloud fi-

delity (FMD 1.75), and achieves state-of-the-art level dis-

tributional alignment (FRD 135.13), and BEV consistency

(JSD 0.20). These results affirm that decoupling geometry

and intensity benefits generation quality even in clear set-

tings.

4.4. Method Analysis

Component Ablation. We analyze the individual contribu-

tions of our simulation module (RPWS) and diffusion archi-

tecture (SiD) by comparing them with the WeatherGen [45]

baseline, which employs Map-based Data Producer (MDP)

for simulation and Spider Mamba Generator (SMG) as the

generation backbone, as shown in Tab. 3. Replacing MDP

with our RPWS yields substantial improvements across all

metrics (e.g., FPD drops from 271.12 to 109.42), demon-

strating the effectiveness of using real-weather statistics

for physically grounded simulation. Incorporating our SiD

backbone further reduces FPD to 91.28, highlighting the ad-

vantage of modeling the asymmetric LiDAR sensing pro-

cess via structure-to-intensity factorization. These bene-

fits become more pronounced after fine-tuning on real STF

data. Our full model (RPWS + SiD + FT) achieves the best

performance, reducing FPD from 59.28 (WeatherGen + FT)
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Table 3. Component ablation study conducted on the STF [1] snow

test set. MDP and SMG are from WeatherGen [45], while RPWS

and SiD are ours. Subscripts S, I denote structure and reflectance

simulation in RPWS. “FT” indicates fine-tuning on real STF data.

Aug. Arc. FT FMD ↓ FPD ↓ FRD ↓
MMD

×10
4 ↓

JSD

×10
1 ↓

MDP SMG - 6.11 271.12 2231.16 10.53 1.80

MDP SMG ✓ 3.39 59.28 1241.70 1.71 0.77

RPWSS,I SMG - 3.94 109.42 1680.11 6.83 1.90

RPWSS,I SMG ✓ 2.91 47.36 1282.60 1.78 0.96

RPWSS SiD - 8.25 105.53 2074.08 7.50 1.88

RPWSI SiD - 3.91 475.11 2066.29 12.03 2.60

RPWSS,I SiD - 3.67 91.28 1523.65 4.41 1.59

RPWSS,I SiD ✓ 2.28 32.38 1080.68 1.28 0.65

Table 4. Ablation study on the conditioning strategy in Structure-

to-Intensity Diffusion (SiD). Metrics are evaluated on the STF [1]

snow test set.

Conditioning

Strategy
FMD ↓ FPD ↓ FRD ↓

MMD

×10
4 ↓

JSD

×10
1 ↓

Independent 4.92 55.79 1122.67 1.57 0.83

I→ S 4.42 66.20 1177.72 1.61 0.93

S→ I 2.28 32.38 1080.68 1.28 0.65

to 32.38 and FRD from 1241.70 to 1080.68. The baseline

shows moderate improvements after fine-tuning (e.g., FMD

drops from 6.11 to 3.39), but still lags behind our model’s

performance. This gap suggests that without disentangling

geometry and reflectance, SMG struggles to fully capture

the complex, modality-specific degradation patterns inher-

ent in adverse weather, particularly under limited real su-

pervision. In contrast, our SiD-based design, with its struc-

tured conditioning, more effectively leverages real data,

achieving stronger alignment with real-world distributions.

In Fig. 3(b), we also visualize the distribution of different

stages. As shown, our generated samples especially af-

ter fine-tuning are significantly closer to the real adverse-

weather distributions across fog, rain, and snow.

Analysis of RPWS. RPWS is crucial for generating realis-

tic and diverse training data under adverse weather condi-

tions. As shown in Tab. 3 (rows 5–7), compared to the full

design RPWSS,I , removing either geometry degradation

(denoted as RPWSI ) or reflectance degradation (denoted

as RPWSS) degrades generation quality, but their impacts

differ. Without reflectance degradation, FMD and FRD

worsen notably (FMD rises to 8.25), indicating poor align-

ment in intensity distributions. Conversely, excluding ge-

ometry degradation results in a large FPD (475.11), reflect-

ing compromised structural fidelity. The full model com-

bining both achieves the best overall performance across all

metrics. These results suggest that weather-induced distor-

tions impact geometry and reflectance in distinct ways, val-

idating our design in SiD.

Analysis of SiD. The factorized denoising SiD im-

proves generation fidelity through its sequential, physically

Fog (WxGen) Rain (WxGen) Snow (WxGen)

Fog (Ours) Rain (Ours) Snow (Ours)

Fog (STF) Rain (STF) Snow (STF)

Figure 4. Visual results of generated LiDAR scans under adverse

weather. Top to bottom: samples from WeatherGen [45], our

model, and the STF dataset [1]. Compared to WeatherGen, our

method generates more realistic and coherent point clouds, ex-

hibiting structural details and reflectance patterns that align more

closely with real-world characteristics.

informed design. As shown in Tab. 4, conditioning the

intensity branch on geometry (S → I) achieves the best

performance across all metrics. Removing the condition-

ing entirely or reversing the dependency (I → S) leads

to noticeable degradation, particularly in FMD and FRD.

These results highlight the importance of aligning the gen-

eration process with the causal structure of LiDAR forma-

tion, where reflectance depends on the underlying geome-

try. By disentangling the two modalities, SiD reduces mod-

eling ambiguity, stabilizes optimization, and enhances both

structural coherence and reflectance realism.

Analysis of Efficiency. Despite adopting a two-branch ar-

chitecture, we maintain competitive efficiency by designing

each branch to be lightweight. Our model contains 38.06M

parameters and requires 1.599 GFLOPs, similar to Weath-

erGen [45]’s 32.59M parameters and 1.398 GFLOPs. Yet

our method delivers much better generation quality across

all metrics as demonstrated in Sec. 4.3. This confirms that

our optimized dual-branch design strikes an effective bal-

ance between computational cost and generation fidelity.

5. Conclusions

We present a diffusion-based framework for realistic Li-

DAR generation under adverse weather. By combining

Real-Prior Weather Simulation (RPWS), which models em-

pirical degradation patterns, with Structure-to-Intensity Dif-

fusion (SiD), which enforces the causal dependency of re-

flectance on geometry, our method captures both physical

realism and structural fidelity. Extensive experiments show

that our method consistently surpasses existing approaches

across diverse weather conditions, offering a scalable solu-

tion for robust perception in challenging environments.
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