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Abstract

Vision Foundation Model (VFM) provides an inherent gen-
eralization ability to unseen domains for downstream tasks.
However, fine-tuning VFM to parse various adverse scenes
(e.g., fog, snow, night) is particularly challenging, as these
samples are difficult to collect. Using easy-to-acquire clear
scenes as the source domain is a feasible solution, but a
huge domain gap exists between clear and adverse scenes
due to their dramatically different appearances. To address
this challenge, this paper proposes AdaDCP, a VFM adapter
with discrete cosine prior. The innovation originates from
the observation that, the frequency components from a VFM
exhibit either variant or invariant properties on adverse
weather conditions after discrete cosine transform. Tech-
nically, the weather-invariant property learning preceives
most of the scene content that is invariant to the adverse con-
dition. The weather-variant property learning, in contrast,
perceives the weather-specific information from different
types of adverse conditions. Finally, the weather-invariant
property alignment implicitly enforces the weather-variant
components to incorporate the weather-invariant informa-
tion, therefore mitigating the clear-to-adverse domain gap.
Experiments conducted on eight unseen adverse scene seg-
mentation datasets show its state-of-the-art performance.

1. Introduction

Adverse scene semantic segmentation [30, 63], which han-
dles the driving scenes from rain, fog, night and snow con-
ditions, is particularly challenging and deserves special at-
tention. Firstly, compared with driving scenes in clear condi-
tions, the scenes in adverse conditions are more difficult to
collect and annotate. It is estimated that annotating a foggy
scene takes twice as much time as annotating a clear scene
[15, 60]. For example, Mapillary Vistas [50] has 25,000
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Figure 1. AdaDCP allows a vision foundation model (VFM) to
be generalized to various unseen adverse domains (e.g., fog, rain,
snow, night), when only fine-tuned on the clear source domain.

images under clear conditions, while Nighttime Driving [14]
only has 50 annotated night-time images. Such a small
amount of annotation is more likely to under-train a seg-
mentation model. Secondly, from the perspective of image
appearance, the presence of these adverse conditions can
severely blur the scene content and lead to regional degra-
dation [58, 69]. It is more challenging for a segmentation
model to learn or infer the correct pixel categories.
Therefore, leveraging large-scale and easy-to-acquire
clear scenes as the source domain to train the segmentation
model becomes a feasible solution. In contrast to the conven-
tional domain adaptation [15, 28-30, 34, 40, 49, 60, 67, 72]
and domain generalization methods [23, 57, 68], vision foun-
dation model (VFM) [18, 26, 38, 51, 56] has an inherent
generalization ability owning to the large-scale pre-training
data. However, its generalization capabilities for clear-to-
adverse scene segmentation require deliberate fine-tuning,
particularly allowing for the fact that the substantial weather
variability in scene appearance can result in significant dis-
tribution shifts from the features of a vanilla VFM.
Motivated by this, we propose AdaDCP, an adapter that
enhances the generalization of a VFM to various adverse
scenes when only trained on the clear source scenes (in
Fig. 1). Its general idea is to encourage a VFM to learn the
common scene content across the clear and various unseen




































