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1. Additional Implementation Details

1.1. Training Configuration
During the geometry initialization stage, the learning rate
of the Gaussian scale parameters is reduced to 2 × 10−3

for stable early optimization, while the other learning rate
settings follow 3DGS. In the joint optimization stage, all
Gaussian attributes revert to the default 3DGS settings.

For the extinction field β, we build an axis-aligned
bounding box (AABB) from the Gaussian centers and en-
large it by 2× along all axes so that the entire scene and
all valid ray segments fall within the volume. A uniform
voxel grid of size 1283 is constructed inside this AABB,
with each voxel initialized as a single scalar drawn from a
Gaussian distribution (mean = 0, std = 0.01). The extinc-
tion field and the scattering-color MLP are optimized with
learning rates of 5× 10−3 and 5× 10−4, respectively.

Details regarding ray sampling and volumetric rendering
are provided in the main paper and omitted here for brevity.

1.2. Adverse-weather Degradation Synthesis
Since no public dataset provides multi-view scenes with
controllable hybrid adverse-weather effects, we generate
the required degradations using the composite model of
OneRestore [4]. Clean images are taken from the outdoor
scenes of Mip-NeRF360 [1] and Deblur-NeRF [10]. Haze
(H) is synthesized using the standard atmospheric scattering
model, where the extinction coefficient and airlight inten-
sity are randomly sampled within the ranges defined by the
OneRestore implementation. Depth maps are predicted by
the pretrained Depth-Anything v2 [13] network and used to
compute transmission. Rain and snow components follow
the public OneRestore pipeline: rain streaks are sampled
from RainStreakGen [3], and snow masks are taken from
Snow100K [8] and blended with the clean images. This
procedure yields six degradation types: haze (H), snow (S),
rain+snow (R+S), rain+haze (R+H), snow+haze (S+H), and
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Algorithm 1: Training of NimbusGS

Input: scene images {Iin}, initialized 3D Gaussians G,
sampling count K, reference radius r0,
loss weights λr, iteration numbers Minit
(geometry initialization) and Mjoint (joint
optimization), residual refresh interval Zref.

Output: optimized Gaussians G, extinction field β,
and particulate layer R.

// Stage 1: Geometry Initialization
1 for i = 1 to Minit do
2 Render continuous-medium output Icon;
3 Update model parameters using Lini(Iin, Icon);
4 end
5 Compute initial particulate layer: R = ReLU(Iin − Icon);

// Stage 2: Joint Optimization
6 for j = 1 to Mjoint do
7 Render degraded output Ideg using CSM and PLM;
8 Update G with L and GGS;
9 Update extinction field β and the airlight module by

L;
10 if j mod Zref = 0 then
11 Recompute Icon from current G and medium

components;
12 Refresh particulate layer: R = ReLU(Iin − Icon);
13 end
14 end

rain+snow+haze (R+S+H).

Note that real-world haze and snow datasets do not pro-
vide multi-view scenes or camera poses and are there-
fore unsuitable for our 3D reconstruction setting, so these
weather effects are synthesized. In contrast, the rain (R)
setting is directly taken from the multi-view synthetic rainy
scenes in the Rainyscape dataset rather than generated with
OneRestore.
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Figure 1. Qualitative ablation of Particulate Layer Modeling. Best viewed zoomed in.
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Figure 2. Qualitative ablation of Continuous Scattering Modeling.

1.3. Training Pipeline
We provide the complete training workflow in Algorithm 1.
It offers a compact procedural description for implementing
NimbusGS.

2. Additional Ablation Studies
2.1. Continuous Scattering Modeling
Fig. 2 visualizes the ablation of our Continuous Scatter-
ing Modeling (CSM) under the haze setting, which offers
a clean environment for examining the extinction field. We
omit the Uniform Extinction variant since its spatially con-
stant β contains no meaningful structure. For the variants
that yield spatial variation, we compare the β estimated by
CSM (CSM-β) with the Gaussian-Driven Extinction base-
line (GD-β), where β is directly optimized as Gaussian pa-
rameters, and we also show their corresponding reconstruc-
tion results (CSM-Recon and GD-Recon). Each β map is
normalized independently for visualization because the two
approaches follow fundamentally different numerical distri-
butions.

The GD-β map shows strong geometry dependence,
with high values clustering near bright surfaces and object
boundaries and unstable fluctuations in distant regions. This
indicates entanglement between β and surface radiance, re-
sulting in incomplete haze removal and geometry-coupled
artifacts in the GD-Recon output.

In contrast, CSM-β exhibits smooth and depth-coherent
variation and effectively avoids texture leakage. Foreground
regions maintain low extinction, while background areas

progressively accumulate higher values consistent with vol-
umetric scattering. The resulting CSM-Recon preserves
sharper structures and yields more stable far-field appear-
ance, demonstrating that CSM produces a physically mean-
ingful and depth-coherent extinction field.

2.2. Particulate Layer Modeling
Fig. 1 provides qualitative examples of PLM. We visualize
on the H+R setting, where particle effects are more clearly
distinguishable.

Without PLM (w/o PLM), the model is forced to explain
both continuous-medium effects and particle streaks using
the same volumetric formulation. This entangles the two
degradation types and hampers the estimation of the extinc-
tion field, leading to incomplete haze removal and leaving
noticeable rain streaks in the final reconstruction.

We further evaluate the Restored-Derived Residuals
(RDR) alternative (w/ RDR), where an all-in-one restora-
tion method (OneRestore) produces Irestore as an estimate of
Icon, and the residual is computed as Ideg − Irestore. Such all-
in-one models tend to suppress multiple degradation types
simultaneously, introducing heterogeneous artifacts into the
residual. As 2D restorers, they may further produce view-
dependent color variations that propagate into the 3D re-
construction and appear as color shifts or overly smoothed
regions.

NimbusGS instead renders a multi-view-consistent Icon
from the Gaussian field and separates particle effects via
PLM, yielding cleaner removal of rain streaks and more sta-
ble appearance consistency.

2.3. Geometry-Guided Gradient Scaling
We further study the behavior of GGS through qualitative
and factor-wise quantitative analyses.
Qualitative Ablation of GGS. Fig. 3 shows a comparison
on an H+R scene under two settings: w/o GGS and w/ GGS.
Without GGS, distant regions suffer from pronounced detail
loss and appear overly blurred, mainly due to weakened su-
pervision and the inability of coarse far-field Gaussians to
trigger timely densification. With GGS, the depth-, radius-,
and error-aware scaling better prioritizes refinement in these
challenging areas, yielding sharper geometry and notice-
ably finer background details.
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Figure 3. Qualitative ablation of Geometry-Guided Gradient Scaling. Best viewed zoomed in.

Variant PSNR↑ SSIM↑ LPIPS↓

w/o Depth 21.98 0.731 0.214
w/o Projected Radius 22.14 0.733 0.209
w/o Reconstruction Error 22.09 0.729 0.211

Ours 22.25 0.742 0.202

Table 1. Factor-wise ablation of GGS. Best results are marked in
bold.

Factor-wise Quantitative Analysis. We further conduct a
factor-level ablation on four hybrid-weather scenes (Bicy-
cle, Garden, Factory, and Tanabata) under the H+R+S set-
ting. The averaged results are reported in Tab. 1. Removing
any single factor from GGS leads to a consistent drop in
reconstruction quality, indicating that depth, projected ra-
dius, and reconstruction error jointly contribute to effective
densification guidance.

Among the three factors, the depth-based component
shows the largest impact, as it enhances the supervision of
distant structures where weather-induced attenuation makes
optimization particularly challenging. The projected-radius
component and the reconstruction-error term offer com-
parable additional gains: the former helps prioritize large
Gaussians that dominate far-field regions, while the latter
highlights areas that remain under-refined, providing mod-
est but stable improvements across metrics.

2.4. Loss Terms

To assess the influence of each loss, we individually re-
move LDCP and LTV, extend LDCP to the second stage,
and evaluate these variants on four hybrid-weather scenes
(Bicycle, Garden, Factory, and Tanabata) rendered under
the H+R+S setting. The averaged results are reported in
Tab. 2. Removing LDCP produces the most significant drop
in performance. Although the model can still separate clean

Variant PSNR↑ SSIM↑ LPIPS↓

w/o LDCP 17.32 0.610 0.233
w/ LDCP (stage 2) 20.92 0.718 0.220
w/o LTV 22.17 0.735 0.211

Ours 22.25 0.742 0.202

Table 2. Ablation of loss terms. Best results are marked in bold.

appearance from weather scattering through its underlying
structure, the absence of this prior weakens this decomposi-
tion and leads to noticeably lower reconstruction accuracy
across all metrics. However, when LDCP is kept in the sec-
ond stage, the reconstruction quality also degrades, typi-
cally producing darker outputs. This behavior is consistent
with the bias of the dark channel prior, which tends to favor
locally dark pixels and may therefore drive the optimization
toward overly dark solutions in later training. Removing
LTV results in a moderate decrease, but introduces small
spatial irregularities in the extinction field, which degrade
reconstruction stability.

2.5. Geometry Initialization Schedule

We ablate the geometry-initialization iteration count Minit
on two scenes from Mip-NeRF360 (Bicycle and Garden)
under the H+R+S setting, where particle-based degrada-
tions naturally reveal whether the initialization properly
separates static geometry from transient weather artifacts.
The averaged results are shown in Tab. 3. Very short sched-
ules (e.g., 1K–2K) do not allow the Gaussian field to es-
tablish reliable geometry, causing part of the static structure
to leak into the particulate residuals and preventing a clean
separation between geometry and particle artifacts. Con-
versely, excessively long schedules (e.g., 10K–15K) cause
the Gaussians to absorb particle patterns as if they were
static content, leading to floating artifacts and reducing the



Minit
Bicycle Garden

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
1K 17.69 0.521 0.408 20.64 0.651 0.280
2K 18.01 0.573 0.345 21.75 0.679 0.256
4K 19.74 0.603 0.327 22.12 0.708 0.209
10K 19.16 0.593 0.335 22.09 0.703 0.237
15K 19.24 0.591 0.334 22.07 0.702 0.241

Table 3. Ablation of geometry-initialization iteration count. Best
results are marked in bold.

Method Params. Memory Training FPS

3DGS [5] 94.1M 5.3G 29min 171
SeaSplat [12] 29.4M 5.1G 126min 169
WaterSplatting [6] 38.9M 5.4G 19min 32
RainyScape [9] 86.8M 8.3G 169min 167
RobustSplat [2] 81.0M 8.9G 29min 168
WeatherGS [11] 108.0M 19.9G 28min 159

Ours 78.4M 9.3G 77min 162

Table 4. Model complexity and runtime comparison under the
H+R+S setting. Params., Memory, Training, and FPS denote pa-
rameter count, training memory usage, training time, and render-
ing speed, respectively.

completeness of the residual map produced by the particu-
late layer modeling. A setting of 4K iterations achieves the
best balance, providing well-formed geometry while keep-
ing particle effects out of the Gaussian representation and
consistently delivering the highest reconstruction quality.

2.6. Model Complexity and Runtime Analysis
We compare the model complexity, training cost, and ren-
dering efficiency of NimbusGS with several baselines in
Tab. 4. Although NimbusGS introduces additional mod-
ules beyond the original 3DGS, its overall parameter count
is lower, i.e., 78.4M versus 94.1M. Specifically, the CSM
module contributes 2.1M parameters and the airlight MLP
adds 0.2M, while the PLM component contains no learn-
able parameters. The remaining parameters are mainly as-
sociated with Gaussian primitives. Compared with 3DGS,
NimbusGS requires fewer Gaussians because degradations
are more effectively removed, reducing the need to compen-
sate for them with additional primitives. In contrast, 3DGS
tends to trigger additional densification to fit residual ar-
tifacts, leading to more Gaussians and a higher parameter
count.

In terms of efficiency, NimbusGS uses 9.3G training
memory, requires 77 minutes for training, and achieves 162
FPS rendering. These results indicate that the proposed
degradation modeling introduces only moderate computa-
tional overhead while maintaining competitive training and
rendering efficiency among weather-aware Gaussian splat-

Method
H+R

Stump Wine

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 17.31 0.572 0.335 15.09 0.551 0.368
SeaSplat [12] 16.36 0.533 0.368 12.77 0.531 0.367
WaterSplatting [6] 17.49 0.538 0.340 14.45 0.518 0.305
DerainNeRF [7] 17.39 0.569 0.332 15.10 0.543 0.387
RainyScape [9] 17.48 0.564 0.307 15.51 0.600 0.228
RobustSplat [2] 17.29 0.586 0.344 15.53 0.629 0.315
WeatherGS [11] 16.15 0.490 0.377 15.10 0.507 0.394
OR [4]+3DGS [5] 15.50 0.510 0.351 19.64 0.624 0.279
Ours 21.33 0.648 0.277 20.45 0.782 0.181

Method
H+S

Stump Wine

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 16.82 0.575 0.322 15.78 0.642 0.256
SeaSplat [12] 16.08 0.498 0.417 16.15 0.617 0.264
WaterSplatting [6] 16.74 0.534 0.345 16.31 0.627 0.187
DerainNeRF [7] 16.00 0.499 0.401 16.03 0.630 0.294
RainyScape [9] 17.02 0.564 0.309 15.12 0.594 0.222
RobustSplat [2] 17.07 0.597 0.342 16.10 0.668 0.214
WeatherGS [11] 17.10 0.578 0.376 17.56 0.631 0.281
OR [4]+3DGS [5] 15.00 0.529 0.318 20.29 0.747 0.169
Ours 20.27 0.657 0.257 20.89 0.753 0.152

Method
R+S

Stump Wine

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 19.87 0.579 0.348 21.59 0.698 0.292
DerainNeRF [7] 19.95 0.574 0.335 21.62 0.701 0.284
RainyScape [9] 20.07 0.571 0.316 22.35 0.738 0.123
RobustSplat [2] 19.90 0.588 0.329 21.58 0.702 0.289
WeatherGS [11] 21.12 0.523 0.348 21.41 0.674 0.297
OR [4]+3DGS [5] 15.17 0.536 0.334 22.33 0.756 0.229
Ours 21.63 0.600 0.303 23.27 0.811 0.142

Table 5. Quantitative comparisons on the additional Stump and
Wine scenes. The three blocks correspond to the H+R, H+S,
and R+S settings. The best and second-best scores are color-
encoded for clarity.

ting methods.

3. Additional Weather-Effects Evaluation

This section extends the hybrid-weather evaluation beyond
the configurations considered in the main paper. For clar-
ity, the main paper adopts a task-aligned comparison proto-
col. Single-weather methods are evaluated only on the cor-
responding single-weather tasks, and methods designed for
hybrid-weather scenarios are evaluated on hybrid-weather
settings. This ensures a fair and meaningful comparison
within the scope of each task. In the supplementary mate-
rial, we relax this restriction and include all baselines that
are able to generate images under the corresponding degra-
dations. This broader comparison allows a more compre-
hensive examination of model behavior under mixed ad-
verse conditions.

We include three additional hybrid compositions, H+R,
H+S, and R+S, to more thoroughly stress-test NimbusGS



Method Bicycle Garden Factory Tanabata Average

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 15.24 0.491 0.370 15.95 0.530 0.376 13.90 0.534 0.406 13.58 0.445 0.428 14.66 0.500 0.395
SeaSplat [12] 15.48 0.523 0.354 13.56 0.558 0.359 14.64 0.621 0.329 14.58 0.564 0.324 14.56 0.566 0.341
WaterSplatting [6] 16.69 0.537 0.360 17.42 0.592 0.312 14.71 0.602 0.307 14.45 0.518 0.309 15.81 0.562 0.322
DerainNeRF [7] 16.10 0.499 0.401 16.27 0.556 0.350 14.29 0.583 0.372 14.31 0.503 0.407 15.24 0.535 0.382
RainyScape [9] 16.66 0.504 0.387 18.22 0.653 0.267 14.75 0.642 0.268 14.65 0.527 0.306 16.07 0.581 0.307
RobustSplat [2] 16.28 0.498 0.379 17.43 0.603 0.322 13.97 0.542 0.404 13.63 0.443 0.429 15.32 0.521 0.383
WeatherGS [11] 15.94 0.479 0.414 17.56 0.509 0.436 14.62 0.569 0.395 14.60 0.533 0.405 15.68 0.522 0.412
OR [4]+3DGS [5] 17.01 0.552 0.353 20.28 0.636 0.311 18.43 0.698 0.300 20.11 0.637 0.338 18.95 0.630 0.325
Ours 19.71 0.651 0.321 22.96 0.727 0.200 21.87 0.836 0.151 22.17 0.722 0.229 21.67 0.734 0.225

Table 6. Quantitative comparisons on H+R scenes. The best and second-best scores are color-encoded for clarity.

Method Bicycle Garden Factory Tanabata Average

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 17.19 0.554 0.327 14.21 0.507 0.411 13.87 0.601 0.282 15.16 0.615 0.261 15.10 0.569 0.320
SeaSplat [12] 15.73 0.525 0.348 14.66 0.513 0.400 13.98 0.626 0.247 15.18 0.625 0.339 14.88 0.572 0.333
WaterSplatting [6] 16.47 0.530 0.325 14.10 0.512 0.422 14.42 0.613 0.276 15.37 0.623 0.251 15.09 0.569 0.318
DerainNeRF [7] 17.12 0.558 0.331 14.32 0.576 0.378 14.12 0.611 0.279 15.16 0.617 0.288 15.18 0.590 0.319
RainyScape [9] 17.33 0.567 0.256 14.52 0.600 0.369 14.08 0.631 0.241 15.75 0.641 0.211 15.42 0.609 0.269
RobustSplat [2] 17.41 0.556 0.323 14.17 0.552 0.416 13.86 0.600 0.275 15.34 0.637 0.224 15.19 0.586 0.309
WeatherGS [11] 17.92 0.579 0.312 14.34 0.566 0.419 13.82 0.571 0.407 15.57 0.536 0.339 15.41 0.563 0.369
OR [4]+3DGS [5] 16.24 0.475 0.396 23.09 0.693 0.295 21.34 0.818 0.178 23.25 0.801 0.159 20.98 0.696 0.257
Ours 19.11 0.625 0.251 23.15 0.709 0.232 21.48 0.839 0.136 23.50 0.809 0.116 21.81 0.745 0.183

Table 7. Quantitative comparisons on H+S scenes. The best and second-best scores are color-encoded for clarity.

Method Bicycle Garden Factory Tanabata Average

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS [5] 19.25 0.590 0.332 23.39 0.714 0.245 18.29 0.685 0.306 22.79 0.765 0.241 20.93 0.688 0.281
DerainNeRF [7] 18.37 0.533 0.369 23.12 0.712 0.295 18.62 0.675 0.297 22.89 0.762 0.255 20.75 0.670 0.304
RainyScape [9] 19.57 0.614 0.285 24.25 0.729 0.216 22.12 0.805 0.127 24.07 0.808 0.117 22.50 0.739 0.186
RobustSplat [2] 19.56 0.588 0.348 23.70 0.718 0.271 18.99 0.701 0.295 22.86 0.785 0.244 21.27 0.698 0.289
WeatherGS [11] 17.47 0.539 0.413 20.71 0.618 0.442 19.11 0.562 0.364 22.01 0.733 0.243 19.82 0.613 0.365
OR [4]+3DGS [5] 16.91 0.533 0.368 24.02 0.713 0.252 22.13 0.757 0.219 24.35 0.814 0.177 21.85 0.704 0.254
Ours 20.03 0.644 0.278 24.81 0.751 0.194 23.82 0.859 0.120 24.81 0.845 0.107 23.36 0.774 0.174

Table 8. Quantitative comparisons on R+S scenes. The best and second-best scores are color-encoded for clarity.

under mixed adverse conditions that combine volumetric
degradations with particle-based artifacts. To further en-
rich scene diversity under these challenging settings, we
also incorporate two additional scenes used exclusively for
the supplementary experiments, broadening the spatial lay-
outs and weather interactions while keeping the training and
evaluation protocol identical to that in the main benchmark.

3.1. Quantitative Results
We first report quantitative results on the four main scenes
(Bicycle, Garden, Factory, and Tanabata) under the H+R,
H+S, and R+S configurations in Tab. 6, Tab. 7, and
Tab. 8. Across all three hybrid-weather settings, Nim-
busGS consistently achieves the best performance in terms
of PSNR, SSIM, and LPIPS. In contrast, directly applying
3DGS or recent weather-aware Gaussian and NeRF vari-
ants leads to a substantial quality drop once heterogeneous

haze–rain–snow interactions are present. The single-image
baseline OR [4] combined with 3DGS (i.e., OR+3DGS)
forms a strong competitor and typically ranks second, but
still falls short of NimbusGS by a notable margin, partic-
ularly on challenging scenes such as Bicycle and Tanabata
where both structural consistency and perceptual quality are
severely affected by mixed degradations.

To further assess generalization under different spatial
layouts, we additionally evaluate two new scenes, Stump
from Mip-NeRF360 [1] and Wine from Deblur-NeRF [10],
as shown in Tab. 5. The performance trends match those
observed on the main benchmark: NimbusGS maintains the
top results across all hybrid-weather combinations, while
OR+3DGS remains competitive but continues to underper-
form our method. These supplementary experiments con-
firm that NimbusGS scales reliably to diverse scene struc-



tures and more complex mixtures of weather degradations.

3.2. Additional Visual Comparisons
We provide additional qualitative comparisons for all seven
weather settings, covering both the single-weather tasks and
the hybrid-weather tasks. Figs. 4 and 5 show supplementary
visual examples for these two groups of settings. Due to
space limitations, each figure includes the top-performing
baselines for the corresponding task.

Specifically, Fig. 4 presents the single-weather compar-
isons, where NimbusGS preserves geometry and appear-
ance quality across haze-, rain-, and snow-induced degrada-
tions. Fig. 5 shows the results for the four hybrid-weather
settings that combine volumetric scattering and particle-
based artifacts, demonstrating the effectiveness of Nim-
busGS under more complex adverse weather conditions.

4. Limitation

Despite its effectiveness under adverse weather conditions,
NimbusGS may drop in sparse-view settings. This is be-
cause removing particulate residuals reveals regions with-
out appearance cues, while the model lacks priors to recover
them. These regions then rely on cross-view information,
often insufficient with few views, which remains an open
challenge for future work.
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Figure 4. Qualitative comparisons on single-weather scenes (haze, rain, snow).



H+R Setting
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Figure 5. Qualitative comparisons on hybrid-weather scenes (H+R, H+S, R+S, H+R+S). Best viewed zoomed in.
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