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Fig. 1: Depth estimation results under various real-weather degraded condi-
tions. Our DA-W generates accurate details and well-preserved structure under snow,
fog, rain, and low-light conditions. Compared with Depth Anything v2 [60] and Depth
Anything-AC [48], our method produces finer-grained and more robust predictions.

Abstract. Monocular depth estimation foundation models, such as the
Depth Anything series, have achieved remarkable performance across
diverse domains. However, they still suffer from critical failures under
adverse weather conditions, such as fog, rain, snow, or at night. To ad-
dress this, we present Weather-Conditioned Depth Anything (DA-W),
a framework that explicitly disentangles style from content for weather-
robust depth estimation. Specifically, we introduce a Style Filter trained
on a curated mix of real and synthetic degradation datasets to extract
content-independent, degradation-aware weather embeddings. This style
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embedding is then injected into the Depth Anything backbone using a
parameter-efficient, zero-initialized adapter. Such a lightweight modu-
lation allows a single unified model to robustly adapt to diverse con-
ditions—including fog, rain, snow, and low-light—while avoiding catas-
trophic forgetting of its core generalization abilities in normal condi-
tions. We train the adapter using a pseudo-label distillation and align-
ment strategy. Our comprehensive experiments demonstrate that our
proposed DA-W achieves state-of-the-art robust depth estimation, im-
proving AbsRel by an average of 3.7% on our curated weather bench-
marks, while matching or slightly outperforming performance on stan-
dard clean benchmarks.

Keywords: robust depth estimation · 3D from single images

1 Introduction

Monocular depth estimation (MDE) has become a fundamental component in
3D perception [15, 33, 57] for cost-effective applications, such as autonomous
driving, robotics, and AR/VR, where it can replace relying on LiDAR or stereo
cameras. Driven by large-scale datasets and model training, recent depth founda-
tion models [2,54] have demonstrated strong generalization in depth estimation
across diverse environments. However, their performance degrades dramatically
under adverse weather conditions—fog, snow, rain, and nighttime—due to at-
mospheric scattering, occlusion, specular artifacts, and low-light noise, which
fundamentally alter the appearance (See Figure. 1).
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Fig. 2: Performance �1 " com-
parison across three datasets:
real adverse weather, synthetic ad-
verse weather, and clean weather.
Values are normalized per dataset
(Baseline = 0.6).

This robustness gap persists even for
state-of-the-art foundation models such as
the Depth Anything [30, 59, 60]. Broadly,
there are two strategies to improve robust-
ness under adverse weather conditions: (1)
pre-process the image to remove weather ef-
fects before depth estimation, and (2) adapt
the depth model to the weather conditions.

The first strategy has an inherent limita-
tion: restoration methods are typically op-
timized for perceptual quality rather than
geometric accuracy, and often distort the
very cues critical for reliable depth estima-
tion [8, 9, 44].

Some studies train the restoration for
task-oriented objectives [13,27], yet they of-
ten overfit to a specific downstream model,
making them non-generalizable to other esti-
mators. The second strategy is more princi-
pled but requires large-scale annotated depth data under real adverse conditions,
which is prohibitively expensive to collect. As a practical workaround, existing
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(a) Depth Anything v2 CLS (b) Style Filter

Fig. 3: Feature space comparison for style characterization. Depth Anything
v2 [60] CLS tokens fail to separate weather conditions, while our style filter features
form distinct clusters.

methods predominantly rely on synthetic weather degradations applied to clean
images [23,42,50].

Consequently, the key question is whether features learned from synthetic
data generalize reliably to real-world scenarios. To probe this generalization
gap, we analyze how a foundation depth model represents appearance varia-
tions across domains. We extract the [CLS] tokens in vision transformer (ViT)
embeddings [51] as the global appearance vector on the Depth Anything v2 en-
coder [60] across diverse real and synthetic weather conditions, and visualize the
feature embeddings via t–SNE [35] in Figure. 3 (left).

As may be seen, the features are fundamentally entangled. Representations
from different weather types (e.g., fog, rain, snow) are heavily mixed, rather than
forming separable clusters. The model conflates weather-specific style with scene
geometry into a single, undifferentiated representation, instead of providing a
pure weather code. This entanglement is the root cause of the model’s brittleness,
as it cannot distinguish appearance variations caused by weather from those of
the scene itself, preventing the learning of generalizable weather patterns and
fatally hindering synthetic-to-real adaptation.

Motivated by these insights, we propose Weather-Conditioned Depth Any-
thing (DepthAnything-W or DA-W), a simple yet robust adaptation strategy
to robustify depth estimation under adverse weather conditions. We first design
a Style Filter network using contrastive learning on a curated collection of 7 real-
world and 4 synthetic weather datasets. This module learns to align the style
distributions of real and synthetic degradations, as shown in Figure 3(right),
thereby producing a discriminative weather embedding. The embedding then
conditions the Depth Anything foundation model using lightweight modulation
techniques AdaLN-Zero. This lightweight conditioning allows the model to adjust
its predictions based on the estimated weather while keeping the encoder frozen,
preventing catastrophic forgetting and preserving clean-scene performance. Ex-
tensive experiments demonstrate that DA-W achieves state-of-the-art perfor-
mance across both general and adverse-weather benchmarks Figure 2.

Our contributions are summarized as follows:
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– We propose DepthAnything-W, a novel weather-robust depth estimation
foundation model that learns to adapt to diverse real weather conditions.

– We introduce a Style Filter trained via contrastive loss on mixed datasets of
real and synthetic data, learning domain-aligned weather embeddings that
bridge the gap between synthetic and real data.

– We propose a parameter-efficient adaptation strategy that conditions the
Depth Anything foundation model using the learned weather embedding via
lightweight AdaLN-Zero modulation.

– Our comprehensive experiments show that DA-W achieves state-of-the-art
performance on diverse adverse-weather benchmarks without degrading gen-
eralization performance on clean data.

2 Related Work

2.1 Monocular Depth Estimation (MDE).

Monocular depth estimation (MDE) predicts scene geometry from a single RGB
image and serves as a foundational component for various 3D perception tasks
in robotics [22, 46], augmented and virtual reality [2], and autonomous driving.
The Initial deep learning approaches were either supervised using datasets such
as KITTI [17] and NYUv2 [45], or self-supervised through stereo [18,65] or video
photometric consistency [55, 61, 64]. However, both strategies exhibited domain
bias and limited generalization capabilities.

Recent research has addressed domain bias in early supervised and self-
supervised pipelines by using more diverse datasets and larger models. These
strategies help improve cross-domain robustness and facilitate foundational depth
estimation. MiDaS [40] was one of the early methods to improve generalization
by training on multiple datasets. Subsequent research advances these efforts by
pretraining on larger and more diverse labeled and unlabeled datasets, as demon-
strated by the Depth Anything series [31,59,60]. Additional methods, including
ZoeDepth [1], UniDepth [38], and Metric3D(v2) [20], target generalization across
various camera systems and domains. These strategies demonstrate strong per-
formance on previously unseen tasks.

In addition to scaling discriminative models, another research direction in-
vestigates generative depth estimation, which leverages strong priors from large
generative models. These methods formulate depth prediction as sampling from
a conditional distribution. The framework inherently supports uncertainty-aware
inference and enables tasks such as depth inpainting. For example, Marigold [24]
employs diffusion-based image generators for monocular depth estimation. Flow
matching models like DepthFM [19] formulates monocular depth estimation as
distribution transport and enable rapid, high-quality sampling.

2.2 Robust Depth Estimation.

Although large-scale training improves average cross-domain performance, depth
models remain brittle when input images violate standard assumptions of image



Weather-Conditioned Depth Anything 5

formation, such as rain streaks, fog scattering, or nighttime noise. These con-
ditions corrupt or remove geometric cues [16,42]. Among these factors, adverse
weather is particularly challenging because of scattering, occlusions, and low
illumination [16].

To address this, prior work largely falls into two categories: (1) Two-stage
pipelines, which restore degraded images using di�usion or uni�ed restoration
models like UniRestore [7] and MWFormer [66] before depth estimation, but
often alter geometric cues and degrade accuracy [42]; and (2) Weather-aware
training, which incorporates robustness directly into the depth estimation model.
WeatherDepth [53] employs curriculum contrastive learning from clear to severe
weather, and md4all [16] enforces consistency between clean and degraded sam-
ples. Foundation model extensions like DepthAnything-AC [48] and ACDepth [21],
incorporate physics-based degradations and knowledge distillation to achieve
strong zero-shot robustness. However, although these methods enhance resilience,
they often entangle weather appearance with scene geometry. Our approach
explicitly disentangles them using a Style Filter that learns domain-invariant
weather embeddings, thereby enabling robust depth estimation without sacri�c-
ing clean-image generalization.

3 Proposed Method

3.1 Preliminary: Depth Anything Model

We provide a concise overview of the Depth Anything [60] framework. As shown
in Figure 4, it comprises two main components: the encoder employs a vision
transformer (DINOv2) to extract hierarchical features, augmented with a multi-
scale readout mechanism that produces pyramid feature representations, and
the decoder adopts the DPT design [39], progressively fusing multi-scale fea-
tures through re�nement blocks with skip connections, followed by a lightweight
prediction head for dense depth regression. The decoder performs progressive
upsampling with skip-wise fusion to recover �ne structure. Depth Anything is
trained on large mixed-supervision data with an a�ne-invariant objective, yield-
ing zero-shot generalization across diverse scenes. In our method, we keep this
backbone intact and inject weather conditioning only in the decoder to preserve
clean-scene behavior while improving robustness.

3.2 Weather Adaptation

Weather Embedding Formulation Given an RGB image I 2 R H�W �3 cap-
tured under a weather condition c 2 C (e.g., fog, rain, snow, or low-light), our
goal is to learn a Style Filter F� (�) that maps I to a compact weather embedding
w 2 R d:

w = F � (I ): (1)

The embedding w is designed to be both weather-discriminative and
domain-aligned. It should encode the type of weather while remaining in-
variant to scene geometry and semantics, such that two distinct scenes under
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Fig. 4: Overview of our proposed DepthAnything-W. (a) The training pipeline:
clean and degraded images pass through the Depth Anything backbone, with weather
embeddings from the Style Filter injected via AdaLN-Zero at multiple decoder scales to
produce weather-conditioned depth maps supervised by Ldis and L align . (b) The Style
Filter extracts weather embeddings from images via multi-scale Gram matrices, using
contrastive learning to cluster by weather type while maintaining scene invariance and
real-synthetic alignment.

the same weather yield similar embeddings, whereas the same scene under dif-
ferent weather conditions produces distinct ones. In addition, for a �xed weather
category c, embeddings derived from real and synthetic sources are encouraged
to occupy the same region of the latent manifold, promoting cross-domain con-
sistency. We qualitatively verify this property using t�SNE [35] visualizations,
where successful alignment manifests as overlapping clusters for real and syn-
thetic samples of the same weather type.

Cross-domain Weather Alignment The goal of the Style Filter is to cluster
images a�ected by similar weather degradations while remaining invariant to
content and domain. We adopt a contrastive loss that encourages embeddings
for the same weather condition to be close in the latent space, while pushing
embeddings from di�erent weather categories apart. The loss is de�ned as:

L con =
X

(a;b)2P

[Iab[m � d ab]+ + (1 � I ab)dab] ; (2)

where P denotes all possible image pairs in a batch, dab = d(w a ; wb) is
the cosine similarity between weather embeddings wa and wb extracted by Style
Filter, m is a positive margin, I ab = 1 when images (a; b) share the same weather
type and 0 otherwise, and [�]+ = max(0; �).

To promote cross-domain alignment between real and synthetic data, we fur-
ther treat real�synthetic pairs that share the same weather condition as positive
samples in Eq. 2. This modi�cation di�ers from MWFormer [66], which con-
siders only intra-domain pairs. By explicitly mixing real and synthetic samples
during contrastive training, the Style Filter learns a uni�ed embedding space in
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which images from both domains cluster according to solely weather type. Con-
sequently, w becomes both weather-discriminative and domain-aligned, fa-
cilitating robust conditioning of the depth estimation backbone across real-world
and synthetic degradations.

Optional Designs Motivated by CLIP-style alignment, we also evaluated two
variants. (i) Prompt-driven only [10] and (ii) Image�image alignment [11].
Despite extensive tuning, real and synthetic samples of the same weather still
formed separable clusters. We conjecture this is because CLIP features are domi-
nated by semantics and invariant to low-level, physics-driven cues, making them
insu�cient to close the real�synthetic domain gap. This motivates our Style
Filter, which learns weather-speci�c statistics via an explicit domain-alignment
objective. Additional details and negative results are in the supplementary ma-
terial.

3.3 Weather-Conditioned Depth Anything

In this section, we seek a concise way to inject the compact weather embedding w
into a depth foundation model without altering its core architecture. To achieve
this, we propose a weather-conditioned modulation tailored for DPT-based Depth
Anything backbones. As shown in Figure 4, a 64-dimensional weather embedding
w 2 R 64 is fused at four multi-scale feature maps fFi 2 RC i �H i �W i g4

i=1 after
their per-scale reductions to Ci =64, and once on the �nal fused feature before
the output head (�ve sites in total). A lightweight MLP maps w to per-channel
shift, scale, and a gate, denoted by [�i (w); 
 i (w); g i (w)]. The features are then
updated via an AdaLN-Zero style operation:

Fi  F i + g i (w)
�

LN(F i ) �
�
1 + 
 i (w)

�
+ � i (w)

�
; (3)

where LN is channel-wise LayerNorm without a�ne parameters and broadcast-
ing over spatial dimensions (Hi ; Wi ) is implicit. All modulation heads are zero-
initialized, ensuring the initial network output matches the base model. The
conditioned path then learns weather-speci�c increments during training.

The proposed modulation introduces only a negligible parameter yet yields
substantial gains in adverse-weather robustness. Moreover, we initialize the model
from a pretrained Depth Anything [60] and update only the decoder head and the
small modulation heads, thereby preserving clean-domain behavior and mitigat-
ing catastrophic forgetting, e�ectively serving as a lightweight weather adapter
for DPT-style Depth Anything backbones.

3.4 Overall Loss

Following Depth Anything [60], all supervision terms use the a�ne-invariant loss
` on disparity maps y; ŷ 2 R H�W :

`(y; ŷ) =
1

HW

HWX

j=1

�
�
�
�
yj � t(y)

s(y)
�

ŷj � t(ŷ)
s(ŷ)

�
�
�
� ; (4)
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where t(�) and s(�) denote per-image mean and mean absolute deviation, com-
puted over valid pixels that are masked.

Data regime and objectives. We train with three data sources: (i) clean images
D, (ii) synthetic weather images Ds generated from D, and (iii) real weather
images Dr without clean counterparts.

Let Tsyn denote a family of geometry-preserving synthetic weather operators
(fog/rain/snow/low-light). For each clean image x 2 D and operator � 2 T syn ,
we generate its synthetic counterpart xs = � (x) 2 D s, forming a paired sample
(x; x s).

A frozen teacher Ft provides pseudo labels; the student F� (�; w) is condi-
tioned by the Style Filter embedding w(�). All discrepancies are measured on
disparity using the a�ne-invariant loss `(�; �) in Eq. (4).

Distillation loss. For clean images x 2 D, synthetic weather images xs 2 D s, and
real weather images x 2 Dr , we align the student model (ViT-S) to the teacher
(ViT-L). For synthetic images that share geometry with clean counterparts, we
use the teacher's prediction on the corresponding clean image as the target:

L dist =

(
`(F � (x; w(x)); F t (x)) ; x 2 D [ D r ;
`(F � (x s; w(x s)); F t (x)) ; x s = � (x); x 2 D:

(5)

Alignment losses. For clean-synthetic pairs (x; xs) where x 2 D and x s 2 D s

share geometry, we enforce agreement between the two student predictions:

L pair = `
�
F � (x; w(x)); F � (x s; w(x s))

�
: (6)

For real weather images x 2 Dr without clean pairs, we apply a geometry-
preserving appearance transform �aug (ColorJitter) and enforce augmentation
consistency:

L aug = `
�
F � (x; w(x)); F � (� aug (x); w(� aug (x)))

�
: (7)

Total objective. The �nal loss combines teacher guidance with scene-pair align-
ment (clean-synthetic) and augmentation consistency (real weather):

L = L dist + L pair + L aug ; (8)

4 Implementation

4.1 Dataset Curation

To learn a weather-embedding invariant across domains, we curate 7 real-world
adverse-weather datasets and 4 clean datasets, along with their corresponding
synthetic weather views. The adverse-weather collection comprises ACDC [41],
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Table 1: Zero-shot relative depth estimation on real adverse-weather benchmarks. ���
denotes unavailable results (not reported or not supported by the released model, e.g.,
MWFormer on NuScenes-night and RobotCar-night).

Method Encoder
NuScenes-night RobotCar-night DS-rain DS-cloud DS-fog

AbsRel# � 1 " AbsRel# � 1 " AbsRel# � 1 " AbsRel# � 1 " AbsRel# � 1 "

DynaDepth [62] ResNet 0.381 0.394 0.512 0.294 0.239 0.606 0.172 0.608 0.1440.901
EC-Depth [47] ViT-S 0.243 0.623 0.228 0.552 0.155 0.766 0.158 0.767 0.109 0.861
STEPS [63] ResNet 0.252 0.588 0.350 0.367 0.301 0.480 0.252 0.588 0.216 0.641
robustdepth [42] ViT-S 0.260 0.597 0.311 0.521 0.167 0.755 0.168 0.775 0.105 0.882
weather-depth [53] ViT-S � � � � 0.158 0.764 0.160 0.767 0.105 0.879
Syn2Real [58] ViT-S � � � � 0.171 0.729 � � 0.128 0.845
DepthPro [2] ViT-S 0.218 0.669 0.237 0.534 0.124 0.841 0.158 0.779 0.102 0.892
DepthAnything v1 [59] ViT-S 0.232 0.679 0.239 0.518 0.133 0.819 0.150 0.801 0.098 0.891
DepthAnything v2 [60] ViT-S 0.200 0.725 0.239 0.518 0.125 0.840 0.151 0.798 0.103 0.890
DepthAnything v3 [30] ViT-S 0.275 0.586 0.169 0.755 0.134 0.822 0.154 0.785 0.105 0.887
DepthAnything-AC [48] ViT-S 0.198 0.727 0.227 0.555 0.125 0.840 0.149 0.801 0.103 0.889
MWFormer [66]+DA v2 [60] ViT-S � � � � 0.127 0.833 0.151 0.795 0.104 0.884
DarkIR [13]+DA v2 [60] ViT-S 0.204 0.710 0.232 0.542 � � � � � �

DepthAnything-W ViT-S 0.194 0.737 0.239 0.513 0.123 0.842 0.151 0.795 0.101 0.896

Table 2: Zero-shot relative depth estimation on KITTI-C (synthetic corruptions). ���
denotes unavailable results.

Method Encoder
Dark Snow Fog Motion

AbsRel# � 1 " AbsRel# � 1 " AbsRel# � 1 " AbsRel# � 1 "

DepthPro [2] ViT�S 0.145 0.793 0.197 0.685 0.087 0.926 0.170 0.746
DepthAnything v1 [59] ViT�S 0.129 0.826 0.113 0.870 0.092 0.912 0.133 0.822
DepthAnything v2 [60] ViT�S 0.130 0.832 0.115 0.872 0.097 0.905 0.127 0.840
DepthAnything v3 [30] ViT�S 0.180 0.737 0.182 0.715 0.119 0.858 0.196 0.698
DepthAnything-AC [48] ViT�S 0.130 0.834 0.114 0.873 0.096 0.906 0.126 0.841
MWFormer [66] + DA v2 [60] ViT�S � � 0.109 0.884 0.099 0.899 � �
DarkIR [13] + DA v2 [60] ViT�S 0.148 0.803 � � � � � �

DepthAnything-W ViT�S 0.126 0.837 0.107 0.884 0.093 0.910 0.125 0.841

RTTS [12], Snow100K [34], Muses [3], RID and RIS [28], and NightCity [49],
totaling approximately 15K images covering fog, rain, snow, and low-light con-
ditions. The clean datasets include COCO [32], MegaDepth [29], SA-1B [25],
and HRWSI [14,56], providing approximately 200K high-quality images.

During Style Filter training (Stage I), we uniformly subsample 20K images
from the clean datasets to balance the scale with real-world adverse weather
data, ensuring e�ective cross-domain learning without category imbalance. Fol-
lowing the synthetic degradation recipe in RobustSAM [8], we generate corre-
sponding synthetic weather corruptions for each clean image, creating paired
clean-synthetic views with shared underlying geometry.

During depth adaptation training (Stage II), we use the entire dataset, com-
prising all real adverse-weather images and synthetic corruptions. For depth
supervision, we use validity masks when provided by the datasets; otherwise, we
generate sky masks using Lang-SAM [37] and exclude these regions to avoid ill-
posed supervision for unbounded depth. Detailed dataset statistics are provided
in the supplementary material.




	Weather-Conditioned Depth Anything

