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ACDC: The Adverse Conditions Dataset
with Correspondences

for Robust Semantic Driving Scene Perception
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Abstract—Level-5 driving automation requires a robust visual perception system that can parse input images under any condition.
However, existing driving datasets for dense semantic perception are either dominated by images captured under normal conditions or
are small in scale. To address this, we introduce ACDC, the Adverse Conditions Dataset with Correspondences for training and testing
methods for diverse semantic perception tasks on adverse visual conditions. ACDC consists of a large set of 8012 images, half of
which (4006) are equally distributed between four common adverse conditions: fog, nighttime, rain, and snow. Each adverse-condition
image comes with a high-quality pixel-level panoptic annotation, a corresponding image of the same scene under normal conditions,
and a binary mask that distinguishes between intra-image regions of clear and uncertain semantic content. 1503 of the corresponding
normal-condition images feature panoptic annotations, raising the total annotated images to 5509. ACDC supports the standard tasks
of semantic segmentation, object detection, instance segmentation, and panoptic segmentation, as well as the newly introduced
uncertainty-aware semantic segmentation. A detailed empirical study demonstrates the challenges that the adverse domains of ACDC
pose to state-of-the-art supervised and unsupervised approaches and indicates the value of our dataset in steering future progress in

the field. Our dataset and benchmark are publicly available at https://acdc.vision.ee.ethz.ch.

Index Terms—Driving dataset, robust perception, semantic segmentation, object detection, instance segmentation, panoptic
segmentation, adverse conditions, autonomous cars, domain adaptation, unsupervised learning.

1 INTRODUCTION

Most of the prominent large-scale image-based datasets for
driving scene perception, including Cityscapes [1], Vistas [2]
and KITTI [3], are dominated by images captured under normal
visual conditions, i.e., at daytime and in clear weather. Yet, vision
applications such as automated driving impose a strict requirement
on perception algorithms to maintain satisfactory performance in
adverse domains. Although there have been efforts to include
adverse visual domains in large-scale datasets, such as Oxford
RobotCar [4] and BDD100K [5], these efforts focus either on lo-
calization/mapping tasks [4], [6] or on recognition tasks which do
not involve dense pixel-level outputs, such as object detection [5],
[71, [8]. For instance, while a notable 40% of the object detection
set of BDD100OK pertains to nighttime, only 3% of the images
in its 10K semantic segmentation set, namely 345 images, are
captured at nighttime [9]. Thus, at the time when the conference
version of this article appeared, there was no large adverse-
condition pixel-level segmentation dataset available. In addition,

o C. Sakaridis, K. Li, and R. Zurbriigg are with ETH Ziirich, Switzerland.

o H. Wang, A. Jadon and D. Dai are with Max Planck Institute for
Informatics, Saarland Informatics Campus, Germany.

o W. Abbeloos and D. Olmeda Reino are with Toyota Motor Europe,
Belgium.

e L. Van Gool is with INSAIT, Sofia University St. Kliment Ohridski,
Bulgaria.

o C. Sakaridis and H. Wang have contributed equally.

the pixel-level annotation process for adverse-condition images
is kept identical in [5], [10] to the normal-condition case, which
leads to errors in the ground truth and renders it unreliable [9]. The
application of highly automated annotation pipelines with little
human intervention, which has recently catalyzed the creation
of large-scale pixel-level segmentation data [11], to adverse-
condition images is thus especially prone to creating severe
annotation errors, which is detrimental for model training, let
alone rigorous evaluation, which requires highly accurate ground
truth as reference. In contrast, seminal previous work [I] has
underlined the need for specialized techniques and datasets for
pixel-level semantic perception in adverse visual conditions, due
to the inherent aleatory uncertainty in images captured in such
conditions. These render entire image regions indiscernible even
for humans.

ACDC constitutes precisely a response to this need for a
large-scale labeled driving segmentation dataset specialized to
adverse conditions, in terms of (i) size, (ii) domain adversity,
and (iii) featured tasks. ACDC includes 5509 images with high-
quality pixel-level panoptic annotations. From this complete set of
images, 4006 images are distributed equally among four common
adverse conditions in real-world driving environments, namely
fog, nighttime, rain, and snow, and the rest 1503 pertain to normal
conditions, i.e. daytime and clear weather, thus granting ACDC
a scale that slightly exceeds that of Cityscapes. The adverse-
condition part of the dataset was deliberately recorded with
the respective adverse conditions clearly present. Thus, a large
domain shift from the normal clear-weather daytime conditions
was achieved. Moreover, for each adverse-condition image, a
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Fig. 1. Number of finely annotated pixels per class in ACDC.

corresponding normal-condition image of the same scene from
approximately the same viewpoint is provided, intended for use
by weakly supervised methods.

As to the tasks that our dataset supports, apart from standard
dense semantic perception tasks such as semantic segmentation,
object detection, instance segmentation and panoptic segmenta-
tion, we add the task of uncertainty-aware semantic segmentation.
For the latter we introduce a specialized annotation protocol
and a dedicated performance metric, termed average uncertainty-
aware IoU (AUIoU). The key characteristic of uncertainty-aware
semantic segmentation is the principled inclusion of image regions
with indiscernible semantic content—invalid regions—in annota-
tion and evaluation. In particular, the annotation protocol for our
adverse-condition images leverages privileged information in the
form of the corresponding normal-condition images and the orig-
inal adverse-condition videos, which enables us to reliably assign
legitimate semantic labels to invalid regions and to include them
in the evaluation both for the aforementioned standard semantic
perception tasks and for uncertainty-aware semantic segmentation.
For the latter task, the separation of labeled pixels into invalid and
valid is encoded in a binary mask. While both tasks require a
hard semantic prediction, the uncertainty-aware task additionally
expects a confidence map prediction. AUIoU is designed to take
into account both the semantic and the confidence prediction and
to reward predictions with low confidence on invalid pixels and
high confidence on valid pixels. The requirement for an additional
confidence prediction is relevant for safety-oriented applications,
as it can help the downstream decision-making system avoid the
fatal consequences of a low-confidence prediction being false, e.g.
when a pedestrian is missed.

Compared to previous related datasets, ACDC thus boasts: (i)
several different conditions, all evenly represented, instead of a
single condition or a highly skewed distribution over conditions,
(i1) a high representation of adversities in the set instead of a bias
towards normal conditions, (iii) large-scale adverse-condition data
instead of small-scale ones, (iv) reliable high-quality large-scale
annotations in adverse conditions instead of unreliable ones [5]
in this setting, (v) legitimate labels even for invalid regions
which are indiscernible even for humans thanks to privileged
correspondence-based information instead of mere exclusion of
these regions from the ground truth. A quantitative comparison to
other adverse-condition datasets across these axes is deferred to
Sec. 3.6.

Apart from being a challenging benchmark for supervised
semantic perception approaches, ACDC is a well-suited test bed
for domain adaptation. A multitude of recent works have focused
on unsupervised domain adaptation (UDA) for semantic segmen-
tation [12], [13], [14], [15], [16], [171, [18], 191, [20], [21], [22],
(231, [24], [25], [26], [27], [28] and object detection [29], [30],
[311, [32], [33], [34], but most of them are validated only on artifi-
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cial synthetic-to-real or real-to-synthetic settings, using GTAS [35]
and SYNTHIA [36] as source datasets and Cityscapes [1] as the
target dataset for semantic segmentation and object detection or
Cityscapes as the source dataset and Foggy Cityscapes [37] as
the target dataset for object detection. The real-world normal-to-
adverse domain adaptation scenario for semantic segmentation
and object detection, which is much more relevant for real-world
deployment of autonomous cars due to the difficulty of both
acquiring and annotating adverse-condition data, has largely been
overlooked. In particular, prior to the initial, conference version
of ACDC [38], much fewer works had considered normal-to-
adverse adaptation in their experiments [9], [37], [39], [40], [41],
[42], [43] and whenever they did, they either restricted the target
adverse domain to a single condition, e.g. nighttime [9], [40],
[41], fog [37], [39], or rain [42], or did not include a quantitative
evaluation on the real target domain altogether [43]. We attribute
this fragmentation of normal-to-adverse adaptation works to the
absence of a general large-scale dataset for semantic perception
that evenly covers the majority of common adverse conditions
and provides reliable ground truth for a sound evaluation in
such challenging domains. ACDC answers exactly the need for
such a dataset and has already served since its initial release
as a test bed for unsupervised and weakly supervised domain
adaptation [31], [44], [45], [46], [47], [48], [49]. Experiments
such as Cityscapes ¥ ACDC adaptation are straightforward thanks
to the identical label sets of the two datasets, which facilitates
validation of new domain adaptation approaches in the normal-to-
adverse setting. We further introduce a novel domain adaptation
setting from Cityscapes to the normal-condition part of ACDC,
which isolates the sensor-level shift as the only difference in
source and target domains given the geographical similarity of
the two datasets, and establish a new UDA benchmark based on
this setting.

Overall, we experiment with ACDC on all five semantic
perception tasks it supports in four main directions: (i) unsuper-
vised and weakly supervised normal-to-adverse and sensor-level
domain adaptation, (ii) supervised semantic perception in adverse
conditions, (iii) evaluation of models externally pre-trained on nor-
mal conditions, and (iv) evaluation of uncertainty-aware semantic
segmentation baselines and oracles. Results show that access to
ground-truth annotations under adverse conditions is indispensable
for achieving high performance, as pre-trained models severely
deteriorate under adverse conditions. Moreover, the real-world
Cityscapes ¥ ACDC adaptation scenario stands for a challenging
setting for all state-of-the-art UDA methods, which still trail
fully supervised counterparts. This underlines the need for UDA
methods that perform better when handling adverse target domains
and highlights the importance of ACDC in steering future work in
this direction. Finally, the uncertainty-aware annotations of ACDC
create significant room for improvement over simple confidence
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prediction baselines and help promote future work on semane€DC are annotated. On the other hand, several sets with small-
segmentation that simultaneously models uncertainty. scale pixel-level annotations covering adverse conditions [10] had
An earlier version of this work has appeared in the Intern&een presented, focusing on fog [37], [59], nighttime [9], [40], and
tional Conference on Computer Vision [38]. Compared to thain [60]. A notable case is Dark Zurich [9], with 201 ne pixel-
conference version, this paper makes the following additioni@vel nighttime annotations and a dedicated annotation protocol
contributions: and evaluation metric that handles regions with ambiguous con-

1) A substantial amount of new annotations to the datasé&nt. The initial, conference version of ACDC improved both upon
including (i) the upgrade of the initial 4006 semantic segmefDD100K, in terms of ground truth quality, and Dark Zurich, in
tation annotations of the adverse-condition images of ACD&rms of scale and condition diversity, featuring 5509 high-quality
to panoptic segmentation annotations and (ii) the annotatidie instance-level semantic annotations in which fog, night, rain,
of 1503 normal-condition images, which were not annotateghow, and normal conditions are evenly represented. Since the
at all in the conference version, for panoptic segmentation.initial publication of ACDC, a larger-scale version of WildDash,

2) An extensive set of experimental comparisons on the newamely Wilddash2 [61], has been released. The present extended
supported tasks compared to the conference version, i.e. wBrsion of ACDC exceeds the scale of Wilddash2 annotations
ject detection, instance segmentation, and panoptic segmei(®®09 vs. 5000). Moreover, in contrast both to Wilddash2 and
tion, covering diverse settings such as normal-to-adverse d@-other recent dense semantic perception datasets with adverse
main adaptation, sensor-level domain adaptation, superviggihditions [62], [63], ACDC features cross-condition image-level
|earning on adverse conditions, and evaluation of modg}grrespondences with normal-condition reference images as well
externally pre-trained on normal conditions. as a specialized annotation protocol which hinges exactly on

3) An updated set of experimental comparisons on tasks ¢ aforementioned correspondences to allow the assignment of
settings, such as normal-to-adverse domain adaptation for agitimate, reliable semantic labels to indiscernible image regions
mantic segmentation and supervised semantic segmentatihich would otherwise be impossible to label.

yvhich were aIreadyin_cIuded in the conference VerSion'taki'gamantic segmentation has progressed rapidly over the last
Into account respective recent state_-of-_the-art methods tg\gﬁrs, primarily through the design of convolutional neural net-
have_ been presented since the publication of the conferefiggy s ‘aged on fully convolutional architectures [64], seminal
version. ) ... works introduced atrous convolution [65], [66], [67] and encoder-
Oth.er' enhanced and. updated parts, such as (i) add't'oagtoder structures with skip connections [68] to exploit context
statistics and comparisons for dataset annotations bas‘?daﬂ'a improve localization, respectively. Balancing between global
the new format and the increased scale of the annotationy |,c4) information was further addressed by parallel branches
and (ii) an extended and updated overview of the reIat%qI different resolutions [69], [70] and global pooling [71]. Other
work, which covers the newly supported tasks and the latggt, < focused on real-time performance [72], leveraging different
advances in driving datasets for semantic perception andrﬁbdalities such as depth [73], and de ning neighborhood-based

4

~

adaptation of semantic segmentation. supervision [74] for segmentation. The current state of the art
includes i.a. DeepLabv3+ [75] and ANN [76] with pyramid
2 RELATED WORK pooling modules, DANet [77] and CCNet [78] with attention

. . . mechanisms, and HRNet [79] and OCR [80] with high-resolution
Datasets for driving scene perception include real-world ; . .
. . o representations. While performance on the popular Cityscapes
and synthetic sets that support geometric and recognition tasks, o . .
enchmark is increasingly saturating, we demonstrate that state-

KITTI [2] ar'1d.C|tyscapes [.] pioneered .thls area with I"DARof- he-art methods achieve much lower performance on ACDC
and semantic image annotations, respectively. Subsequent datasets . .

. . . . . See Sec. 6.1). Thus, ACDC provides a more challenging bench-
mostly aimed at increasing the scale [50], diversity [2] and numbegr

. A . ark for semantic segmentation thanks to the adversity of its
of tasks [5]. As high-quality pixel-level annotations proved har . : .
. . . domains and is therefore able to foster further progress in the
to acquire [1], [2], another line of work focused on creating

synthetic sets at an even larger scale [35], [36], [51], [52], [ Tld'

and in which ground truth is automatically generated, as welldaptation of semantic segmentation networks to domains

as translating real datasets to adverse conditions such as fogvbere full supervision is not available was launched shortly after
rain [37], [39], [54]. Oxford Robotcar [4] was the rst real-world the introduction of supervised approaches [81]. A major class
large-scale dataset in which adverse visual conditions suchcdsUDA works has employed adversarial domain adaptation to
nighttime, rain and snow were signi cantly represented, but implicitly align the source and target domains at the level of pixels
did not feature semantic annotations. While more recent larged/or features [13], [14], [15], [16], [17], [20], [21], [23], [27],
scale sets [55], [56] that cover adverse conditions, such as Wayff6], [82]. Other approaches to UDA have relied on self-training
Open [7] and nuScenes [8], include bounding boxes, they stilith pseudo-labels in the target domain [19], [24], [83], [84],
lack dense pixel-level semantic annotations, which are vital f§#5], [86] or have combined self-training with adversarial adap-
real-world autonomous agents [57] and are featured by ACD@tion [22] or with pixel-level adaptation via explicit transforms
BDD100K [5] was the only exception to this rule prior to thefrom source to target [25], [26]. However, all aforementioned
publication of the conference version [38] of this paper, with capproaches have been evaluated only on the arti cial scenario of
13% of its 10000 pixel-level annotations pertaining to adversgnthetic-to-real adaptation and overlaukrmal-to-adverse adap-
conditions but containing severe errors [9], contrary to the higtation, which is of higher practical importance for autonomous
quality reliable ground truth of ACDC. At the same time, onlycars. ACDC has constituted the large-scale target-domain dataset
a small portion of each of the 1881 adverse-condition imagedich had previously been missing for such a normal-to-adverse
in ADUULM [58] is annotated, whereas 92.5% of the pixels irexperiment and steered the development of unsupervised and
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Fig. 2. lllustration of construction and semantic annotation pipeline for ACDC. The color coding of the semantic classes matches Fig. 1.
All three annotation outputs pertain to the input adverse-condition image | . A white color in the draft semantic annotation from stage 1 and the
nal semantic annotation H from stage 2 denotes unlabeled pixels. Dashed lines denote privileged information beyond the input adverse-condition
image | under annotation; this information is additionally leveraged in annotation stage 2.

weakly supervised adaptation approaches [31], [44], [45], [4@eneralize poorly to ACDC. The adverse images in ACDC pose a
[47], [48], [49] that can cope with adverse target domains vigew challenge for instance and panoptic segmentation models and
the introduction of a competitive normal-to-adverse adaptati@mcourage further progress in the eld.

benchmark since the conference version of this paper [35]. In (R& yarion of object detection networks from a labeled source
present.extended version, we a.dd|t|onally introduce a sensor-le ain to another unlabeled target domain is also an active
adaptation pgnchmgrk from Cltys.capes to the newly ar,mOtatr%(élearch eld. Currently, there are mainly two categories of UDA
normal-.clondltlon Sp“_t of ACDC. This benchmark does not 'nVOIV?or object detection methods: domain alignment and self-training.
a gondltlon-level ,Sh'ft between th? _source a,“‘? target domalﬂomain alignment strives to bridge the domain gap by minimizing
which bOth pertain to normal condmon_s, but it instead featur(iﬁe domain discrepancy through style transfer, adversarial training
a change in the camera sensor from Cityscapes t9 A_‘CDC' ‘_Nhﬁrt?d graph matching. Self-training relies on pseudo-labels to ex-
!nduces a sensor-related real-to-real low-level shift in the inpyt, 4 vicy knowledge contained in the target domain and presents
Images. promising performance. Although all aforementioned strategies

Instance segmentation and panoptic segmentatiomistinguish Nave been proven effective in alleviating the damage of domain
instances in the images compared to the semantic segmentaﬁ'&#tit’ due to the Igck of datasets with rich gdverse COﬂdItIOI’]S., these
task. Instance segmentation aims to assign a segmentation nf§kN0ds are mainly evaluated on synthetic-to-real, cross-city and
for each object of interest in the image, while the panoptff0SS-camera settings. Thermal-to-adverse adaptationvhich
segmentation task encompasses masks for both stuff and thi f high va_lue for intelligent driving systems, is rarely ex_a_mlned.
classes as the combination of semantic segmentation and instfNe®C Provides a large-scale dataset for adverse conditions and
segmentation. Both of these tasks are applied in various reBjomotes the progress of unsupervised and weakly supervised
world applications such as robotics, healthcare and geoscierRigect detection methods under adverse conditions.

For instance segmentation, many works either follow the detect-
then-segment pipeline [37] or explore the generation of a dynamjc
number of instance masks directly with clustering or dynamic ker- ACDC DATASET

nels. The pioneering work of Mask R-CNN [87] generates instan@ée base the design of ACDC on the same general principles as
masks based on object bounding box proposals. The followisgminal normal-condition datasets [1] and adapt the collection and
specialized instance segmentation works such as Cascaded Mastotation process to t better the adverse condition setting at
R-CNN, HTC and Detectors mainly focus on extracting bettdrand. An overview of this process is shown in Fig. 2.

feature representations and generating more accurate object pro-
posals. For panoptic segmentation, early works strive to combine
semantic segmentation models and instance segmentation modets
to predict uni ed panoptic masks. Recent works begin to view th@ur data collection is guided by the decision to record the same
panoptic segmentation task in a uni ed perspective and formulatet of scenes both under adverse and normal conditions. We de ne
the stuff and things segmentation as a set prediction probletine domain ofnormal conditions as the combination of daytime
The current state of the art for panoptic segmentation includasd clear weather, i.e. good visibility and no precipitation or snow
i.a. PanopticFPN and Panoptic-Deeplab with specialized instaramer on the ground. While the focus of ACDC is on adverse
prediction branches and semantic prediction branches, K-Nminditions, the acquisition of the corresponding normal-condition
with dynamic kernels, and MaskFormer and Mask2Former witmages is vital both for the subsequent annotation step and to
transformer architectures. Although current instance segmentatsupport weakly supervised methods, as the same scene can be
and panoptic segmentation models obtain impressive improvemenich easier to parse in normal conditions, both for humans and
on the popular Cityscapes benchmark, we show that these modeé&chines.

Collection
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Thus, we recorded several days of video in Switzerland hige reference normal-condition sets corresponding to each of the
driving around in a car, primarily in urban areas but also ofour adverse conditions, we annotate 50% of the training splits
highways and in rural regions. In order to have a clear ddeorresponding to 200 images each) and of the validation splits
main separation between different adverse conditions, we yserresponding to 50 images for the fog, rain, and snow refer-
the following criterion for the adverse-condition recordings: eagnce validation splits and 53 images for the nighttime reference
recording takes place under only one type of adversity from a setlidation split) and 25% of the test splits (corresponding to 125
of four types, i.e., fog, nighttime, rain, and snow. For exampl@nages each). This results in a total of 800 training and 203 vali-
our foggy recordings are performed at daytime and without ragfation normal-condition reference images with public annotations
or snow. For snow, both snowfall and snow cover on the groumahd 500 test normal-condition reference images with annotations
are admissible. Moreover, we keep for further processing onlyithheld for benchmarking purposes, as explained above. Added
the parts of the adverse-condition recordings that correspond tatathe 4006 adverse-condition annotations of the initial conference
intense presence of the respective condition, so as to maximizevkesion, these 1503 new normal-condition annotations raise the
domain shift from normal conditions as well as domain adversitgverall scale of annotations of the extended version of ACDC to

We record with a 1080p GoPro Hero 5 camera, mounted 5509 pixel-level annotations.
front of the windshield at nighttime and in normal conditions and
behind the windshield in fog, rain, and snow. The camera recoréis4 Semantic Annotation
8-bit RGB frames at a rate of 30 Hz. '
Images captured under adverse conditions contain invalid regions,
i.e. regions with indiscernible semantic content, which generally

co-exist with valid regions in the same image. We take this into

our bclz_ar:era allso Frowdes G(I;S r;adlngs, \gh'Ch aIIov;_ us Icount for creating annotations of ACDC and design a special-
establisnmage- evel correspondenc etwgen adverse-condition;; o4 annotation protocol, which leverages privileged information
and normal-condition recordings. In particular, for each adversﬁ

diti di ¢ | diti di om the corresponding normal-condition images and the original
condition recording, we periorm a normal-condition recordingq o rse_condition videos and allows (i) the reliable assignment of
along exactly the same route. We then use the sequences of

. ﬁantic labels to invalid regions and (ii) the creation of a binary
measurements of the two recordings to perform a global dynammésk that distinguishes valid from invalid regions.

programming-based matching of the adverse GPS sequence toOur annotation protocol for the 4006 adverse-condition im-

the normal one, where the objective is de ned by the Euclide%E e

3.2 Correspondence Establishment

. . s consists of two cascaded annotation stages. At stage 1, a
distances of matched pairs of GPS samples. Our global ”?atCh antic labeling draft is manually produced from the adverse-
handles routes with loops better than simple nearest nelghb%r ndition image , in which pixels that cannot be unquestionably
Each adverse-condition frame is then matched to a normgk !

. . ?igned to a single semantic class are left unlabeled. At stage 2,
condition frame based on the corresponding matched sampleﬁh% corresponding normal-condition imag® and the adverse-
the GPS sequences, as shown in the left part of Fig. 2.

condition video from whicH was extracted are used to augment
and nalize the annotation. In particular, the annotator can assign
3.3 Dataset Splits a legitimate label to pixels that were left unlabeled in stage 1 and
ACDC is split into four sets corresponding to the examined cogerrect pixels that were incorrectly labeled in stage 1. Annotation
ditions. We manually selected 1000 foggy, 1006 nighttime, 10@turing stage 2 using the corresponding normal-condition image
rainy and 1000 snowy images from the recordings for dense pixehd the neighboring frames of the adverse-condition video does
level semantic annotation, for a total of 4006 adverse-conditimt assume or require an exact match of the 6D camera pose
images. The selection process aimed at maximizing the complexigtween the annotated image and the auxiliary images or frames.
and diversity of captured scenes. Within each recording, any pbirparticular, the transfer of labels from the auxiliary images to the
of selected images is at least 20 s or 50 m apart (whatever coritagge under annotation is done through manual inspection by the
rst). annotators rather than automatically. We have explicitly instructed
The dataset is also split into training, validation, and test setbe annotators to be highly conservative in this manual transfer
We apply a global geographical split across all conditions, so trgiven potential mismatch of pose and dynamic image content,
there is zero overlap between the three sets, even for differgftich is why 7.5% of the pixels in the annotated images are left
conditions. Given the abundance of training data from normainlabeled even after stage 2. More speci cally, pixels that remain
condition datasets [1], [2], [5] that allow to pre-train semantionclear in stage 2 are left unlabeled and are not used for training
segmentation models, we opt for a split with a greater test set s@#eevaluation.
than usual. This aims at providing a highly challenging benchmark The nal annotation outputs are twofold: (i) the nal semantic
for semantic segmentation, both in terms of scale and domainnotatiorH after stage 2, and (ii) a binary invalid maskwhere
adversity. In particular, we split the set of each adverse conditipixels whose label changed from stage 1 to stage 2 are set to 1
into 400 training, 100 validation and 500 test images, except tfiavalid) and pixels with the same semantic label for both stages
nighttime set with 106 validation images. This results in a total @éfre set to 0 (valid)J enables the introduction of the new task
1600 training and 406 validation images with public annotatiore$ uncertainty-aware semantic segmentation, which we detail in
and 2000 test images with annotations withheld for benchmarkigc. 8.
purposes, as per standard practice [1]. The 4006 ne pixel-level annotations of ACDC were created
In the present extended version of ACDC, we newly providey a professional team of annotators to ensure high-quality ground
annotations for a subset of the 4006 corresponding normélith. Annotators were asked to be conservative in labeling pixels
condition reference images of the dataset, all of which were nat both stages, so as to minimize errors. Both the initial draft
annotated in the initial conference version. More speci cally, foirom stage 1 and the nal annotation from stage 2 passed through
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TABLE 1
Comparison of ACDC against prior adverse-condition semantic segmentation datasets. “Adverse annot.”: total annotated adverse-condition
images, “Fog"/“Night”/“Rain”/*Snow”: annotated foggy/nighttime/rainy/snowy images, “Inv. regions”: can invalid regions get legitimate labels?,
“Corr. normal”: are corresponding normal-condition images available?, “Inv. masks”: are invalid masks available?

Dataset Adverse annot. Fog Night Rain Snow Classes Reliable GT Fine GT Inv. regions Corr. normal Inv. masks
Foggy Driving [37] 101 101 0 0 0 19 X X
Foggy Zurich [59] 40 40 0 0 0 19 X X
Nighttime Driving [40] 50 0 50 0 0 19 X
Dark Zurich [9] 201 0 201 0 0 19 X X X X X
Raincouver [60] 326 0 95 326 O 3 X
WildDash [10] 226 10 13 13 26 19 X X
BDD100K [5] 1346 23 345 213 765 19 X
ACDC 4006 1000 1006 1000 1000 19 X X X X X

§ 5 < 3.5 Instance Annotation

§ 20000 _ © § =+ Besides the pixel-level semantic annotations, in the present ex-
2 § § 5 1 tended version we also create dense instance-level annotations
S 2000} 2 g - for countable objects, including vehicles and humans, to support
2 B E 1 higher-level semantic perception tasks such as instance segmen-
g i 1 tation and panoptic segmentation. To fully utilize the semantic
€ 200 . . .

annotations and ensure the consistency between different annota-

tions, we develop a protocol to generate instance-level annotations
based on semantic masks.
Our instance annotation protocol contains two steps. Inthe rst
step, we convert the pixel-level semantic masks to polygon repre-
TABLE 2 sentations. In the second step, we ask the annotators to merge/split
Absolute and average number of instances in adverse conditions for polygons to form polygon annotation for each instance. The
ACDC, BDD100K, and DAWN on the respective training and validation  polygon annotations are nally transformed to standard COCO
datasets. ACDC (all) includes all training, validation and testing set. format for instance-level tasks. The instance-level annotations
were also combined with prior semantic annotations to construct
#humangl0’] #vehicle§l0’] #h/image #v/image panoptic annotations for panoptic segmentation.

vehicle human

Fig. 3. Number of instances per class in ACDC.

ACDC 25 10.4 1.2 5.2 The total 4006 adverse-condition images and 1503 normal-
ACDC (all) 7.9 20.7 1.9 5.1 condition reference images are annotated at the instance level
BDD100K [5] 0.7 6.6 1.1 10.2 by a professional team of annotators. Each nal instance-level
DAWN [88] 0.4 7.4 0.4 7.4 annotation underwent a QC process. Speci cally, QC was carried

out through manual inspection by two individuals: the original
quality control (QC). QC was performed via manual inspectioannotator and an independent reviewer who had not previously
of each annotation by a second person (B), different from tiseen the condition, in order to minimize bias. The total time
one who created it (A). A and B were given incentives toequired for annotating a single image given the initial semantic
minimize errors and maximize identi ed errors, respectively. Anask was 0.6 h on average.
third independent person (C) veri ed whether each error identied To be compatible with semantic annotations, for instance anno-
by B was factual. The total average time required for annotatitgtions, we only create instance-level masks for traf ¢ participant
a single adverse-condition image was 3.3 h, with 25% of it speciasses such as humans and vehicles. We present the detailed
on QC. The semantic annotation of the 1503 normal-conditiatistribution of instances in ACDC in Fig. 3. The dataset follows a
images is conducted in the standard way by using only the ingang-tail distribution across countable classes in terms of instance
normal-condition image. counts. Thevehiclecategory is dominated by ttear class, while
the personclass emerges as the predominant class fohtmean
N . . . category. This skewed distribution re ects the real world, where
The class speci cations of ACDC are directly inherited fronl:ars often outnumber other vehicle types heavily, and pedestrians

Cityscapes. In particular, we annotate the 19 evaluation clasg 8 more commonly encountered compared to riders
of Cityscapes, which include the most common and traf c-relate '

objects in driving scenes. Objects that belong to classes outside

this set receive a fall-back label and are not used for trainifg® Comparison to Related Datasets

or evaluation. This choice of classes provides full compatibilitfo the best of our knowledge, ACDC constitutes the largest
of ACDC to Cityscapes and other normal-condition datasets fadverse-condition driving dataset for dense semantic perception to
semantic segmentation [2], [5]. Detailed annotation statistics atate. In Table 1, we compare ACDC to prior datasets that also
presented in Fig. 1. An example of our two-stage annotati@udress semantic segmentation under adverse conditions. Most
protocol is shown in Fig. 2 for a snowy image. Note the assignmeuit these datasets focus on a single condition and are of small
of a region in the lower right part of the image that is unlabelestale. WildDash covers a wider variety of adverse conditions but
at stage 1 (top right) to thead label at stage 2 (middle right), also has a small scale. BDD100K includes 10000 images with
thanks to the clear view from the normal-condition image. semantic segmentation annotations. We inspected these images
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TABLE 3
Comparison of state-of-the-art domain-adaptive semantic segmentation methods on Cityscapes I ACDC adaptation. Cityscapes serves
as the source domain and the entire adverse-condition part of ACDC including all four adverse conditions serves as the target domain. The rst,
second, and third groups of rows present unsupervised DeeplLabv2-based [66], weakly supervised, and unsupervised SegFormer-based [89]
methods, respectively. The performance of the respective models trained on Cityscapes (Source model) and of the oracle models trained on
ACDC with all 1600 labels (Oracle) is also reported in all cases, while for the DeepLabv2 case, we additionally report the performance of the
partial oracle models trained on ACDC with 100 labels (Oracle-100), and 200 labels (Oracle-200).

Method

road
sidew.

g

build
wall
fence
pole
light
sign
veget
terrain
person
rider
car
truck
bus
train

mloU

motorc
bicycle

Source model [66] 71.9 26.2 51.1 188 22.5 19.7 33.0 27.7 67.9
AdaptSegNet [16] 69.4 34.0 52.8 135 180 43 149 97

286 442 431 221 712 298 333 484 26.2 358 38.0
ADVENT [20] 729 143 405 166 21.2 93

64.0 231 382 386 20.1 593 356 306 539 19.8 339 334

174 21.2 638 238 183 326 195 695 36.2 345 46.2 269 36.1 327
BDL [22] 56.0 325 68.1 20.1 174 158 30.2 287 59.9 253 37.7 287 255 702 39.6 405 527 29.2 384 377
CLAN [21] 79.1 295 459 181 21.3 221 353 40.7 674 294 328 427 185 73.6 420 316 557 254 30.7 39.0
CRST [24] 517 244 678 133 9.7 302 382 341 580 252 768 399 171 654 37 66 396 118 86 3238
FDA [25] 732 347 59.0 248 295 28.6 433 449 701 282 547 470 285 746 448 523 633 283 395 457
SIM [27] 538 6.8 755 116 223 11.7 234 257 66.1 83 80.6 41.8 248 49.7 386 21.0 418 251 296 346
MRNet [28] 722 82 364 137 185 204 387 454 702 357 50 478 19.1 736 421 36.0 474 177 374 36.1
DACS [90] 58,5 347 76.4 209 22,6 317 327 46.8 58.7 39.0 36.3 43.7 205 723 39.6 348 511 246 382 412
CISS [47] 705 36.7 67.0 294 30.2 316 456 489 704 247 655 482 311 76.6 457 47.0 628 26.8 389 472
Oracle-100 844 548 76.4 193 289 295 365 426 742 403 87.7 425 165 749 365 286 559 273 386 47.1
Oracle-200 86.2 550 779 217 309 30.0 376 425 76.8 458 90.2 454 191 758 385 38.0 642 216 395 493
Oracle 88.0 62.3 80.8 37.0 351 339 498 495 80.1 50.7 925 51.1 265 799 49.0 411 722 265 442 553
Source model [69] 66.3 289 67.6 19.2 259 36.7 50.0 475 69.4 288 83.0 421 177 726 309 316 489 26.1 36.7 437
MGCDA [9] 73.4 28.7 69.9 193 26.3 36.8 53.0 53.3 754 320 84.6 51.0 26.1 77.6 43.2 459 539 327 415 487
Oracle 925 712 86.2 39.0 440 532 688 66.0 851 59.3 949 65.2 385 858 538 59.7 76.2 475 545 653
Source model [44] 80.5 37.4 80.5 347 304 437 579 542 79.0 51.6

87.6 574 340 815 519 59.1 704 375 493 56.8
DAFormer [44]  58.4 51.3 84.0 427 351 50.7 30.0 57.0 748 528

51.3 582 326 827 583 549 824 441 50.7 554
SePiCo [45] 61.3 48.6 849 39.6 403 542 489 606 748 543 572 652 383 848 66.2 604 855 445 531 50.1
HRDA [46] 883 57.9 881 552 367 56.3 629 653 742 57.7 859 688 456 885 764 824 87.7 527 604 68.0
CISS [47] 92.0 69.6 89.2 57.2 405 558 67.1 67.3 752 59.7 86.4 70.0 475 889 731 775 87.0 556 617 69.6
MIC [31] 90.8 67.1 89.2 545 405 57.2 620 684 763 618 87.0 713 494 897 757 86.8 89.1 569 63.0 704
Oracle 932 742 895 545 474 570 689 669 885 66.0 962 642 30.6 858 59.6 64.7 86.3 39.8 543 67.8

TABLE 4 instances with existing datasets covering adverse conditions in
Comparri]sc()jn of Sg%te'Of‘the'arlt Ugé%F’CerVésed d_Om?i” ?‘i'j?p_tjatiol“ Table 2. Only a small portion of BDD10OK provides instance-
methods on |tyscapes ! a aptatlon or Inaividua . . - . . . .
conditions. We train a separate model on each condition-speci ¢ level annotations in adverse condm_ons mcludmg fog, n_|ght, rain
subset of ACDC and evaluate each model on the condition it has been ~ and snow. The DAWN dataset consists of 1000 images in adverse
trained for. Performance of the model trained only on the source weather conditions from real traf c environments. ACDC presents
domain (Source model) and of oracles with access to the clear advantages in the total number of annotated humans and
target-domain labels for each condition (Oracle) is also reported. . . . ..
vehicles in challenging adverse conditions compared to both
- - DAWN and BDD100K, thereby offering a broader spectrum of
Method Fog Night Rain Snow  giverse scenes under challenging adverse conditions.
Source model 335 30.1 445 40.2
AdaptSegNet [16] 318 29.7 49.0 353 4 NORMAL-TO-ADVERSE ADAPTATION
ADVENT [20] 32.9 31.7 443 32.1 . _ . . .
BDL [27] 37.7 33.8 49.7 36.4 ACDC supports various semantic perception tasks, including
CLAN [21] 39.0 31.6 44.0 37.7 semantic segmentation, object detection, instance segmentation,
FDA [25] 39.5 37.1 53.3 46.9 and panoptic segmentation. In this section, we experiment on our
SIM [27] 36.6 228-0 44.5 33.3  dataset with domain adaptation methods for semantic segmenta-
MRNet [28] 38.8 79 45.4 38-7 tion and object detection.
Oracle 52.2 45.4 57.6 56.8

] ] . ) . 4.1 Domain-Adaptive Semantic Segmentation
manually to identify those that pertain to fog, night, rain, an

snow. We found that only 1346/10000 images pertain to any e\fe present a new benchmark for UDA of semantic s.egmentatlon.
i o ityscapes ACDC. We select fourteen representative state-of-
these four conditions. By contrast, ACDC is primarily compose . . .

- . -fhe-art UDA methods, train them with their default con gura-
of these four common adverse conditions. Notably, it contalnlsnS for adaptation from Citvscapes to the entire ACDC and
one order of magnitude more annotated images than any Oth%arsent the rgsults in Table Sy Ter? of these methods are trained
competing dataset for each of fog, night and rain. At the sarie . j . -

. S - . -with the earlier DeepLabv2-based architecture [66], while ve
time, our specialized annotation protocol using correspondlng . .

L ; : of these methods are trained with the more modern SegFormer
normal-condition images ensuresliable annotations even for backbone [59]. While most of the DeepLabv2-based methods
invalid regions contrary to BDD100K, making ACDC a high- . ) . L P oo

. .o ' .~ have previously achieved signi cant performance gains in the
quality dataset for training and evaluation for adverse conditions. g . ;
. : pular synthetic-to-real adaptation setting, we observe that most
We also provide a comparison on the number of annotat . . L
of them do not improve upon the source-domain baseline in our
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TABLE 5
Comparison of state-of-the-art domain-adaptive object detection methods on Cityscapes I ACDC adaptation. Cityscapes serves as the
source domain and the entire adverse-condition part of ACDC including all four adverse conditions serves as the target domain. The rst and
second groups of rows present unsupervised and weakly supervised methods, respectively. All unsupervised methods share the same network
architecture. The performance of the respective models trained on Cityscapes (Source model) and of the oracle models trained on ACDC with all
1600 labels (Oracle) is also reported.

5 o} = S %) c = 3
Method 2 © ] é 2 g g 5 APL APPox
o € iS)
Source model (Faster R-CNN) [91] 22.8 12.2 51.9 20.0 19.6 16.0 13.4 10.4 20.8 10.3
DA-Faster [29] 28.0 13.6 57.0 13.1 13.3 10.6 8.2 14.2 19.8 9.2
SADA [30] 34.2 12.2 61.8 11.0 5.4 7.3 9.6 15.8 19.7 9.4
MIC (SADA) [31] 40.0 23.0 67.2 13.5 8.2 12.3 20.5 22.9 25.9 12.1
FRCNN-SIGMA++ [32] 26.4 19.5 13.6 16.5 16.6 57.8 22.7 20.5 24.2 11.9
Oracle 28.7 17.3 61.8 29.8 14.8 36.1 19.8 13.1 27.7 13.1
Source model (FCOS) [92] 28.4 10.9 53.8 18.9 17.4 13.5 13.2 10.8 20.9 10.7
EPM [33] 30.8 11.5 56.0 16.7 19.6 15.6 16.3 9.9 22.0 11.2
SIGMA [34] 315 9.8 59.7 17.5 10.1 14.1 19.3 17.0 22.4 9.5
Oracle 40.5 21.7 67.5 29.5 15.7 375 18.5 14.1 30.6 15.7
TABLE 6 In addition, we train state-of-the-art UDA methods to adapt
%lesgrltsorl_of statteh-ogthe-aét_tunsuperwseld dA%nBa(':n-?jda?tlt\_/e . from Cityscapes to individual conditions of ACDC in Table 4. The
object detection metnods on Cityscapes ! adaptation tor . . . . . . . .
individual conditions, We train a separate model on each increased uniformity of_the target domains in this setting results in
condition-speci ¢ subset of ACDC and evaluate each model on the larger performance gains overall compared to Table 3. However,

condition it has been trained for. Performance of the model trained only  night and snow prove particularly challenging for most methods

on the source (_10ma|n (Source model} _and of oraclgs with access to the and only FDA brings a performance gain on snow.
target domain labels for each condition (Oracle) is also reported in

AP box.
4.2 Domain-Adaptive Object Detection
Method Fog Night Rain Snow We establish a new benchmark for UDA of object detection:
Source model [91] 19.7 14.4 23.9 29.2 Cityscapes ACDC. We select seven representative UDA meth-
DA-Faster [29] 17.3 11.6 21.7 29.9 ods for detection, and perform adaptation from Cityscapes to the
SADA [30] 19.5 17.9 24.0 28.2 entire adverse-condition part of the ACDC training set includ-
MIC (SADA) [31] 24.8 18.4 26.1 31.5 ing all four adverse conditions, with the default con guration
g?gl\éN&GMAH[ ] ggg gg %Z_)g i’ig designed for Cityscapes to Foggy Cityscapes adaptation. The
Cityscapes ACDC adaptation results are reported in Table 5.
Source model [92] 22.0 14.4 22.6 28.4 s different UDA methods are built on either one-stage or two-
EPM [33] 22.3 15.7 21.9 25.8 stage detection frameworks, we report the results in two groups:
SIGMA [34] 254 185 24.4 199 two-stage UDA detection methods share the same Faster R-
Oracle 28.6 28.7 36.2 39.2

CNN detection architecture and one-stage UDA detection meth-
| d ing. The b forming DeepLaby2-b od(i share the same FCOS detection framework. For two-stage
nortr;na(;to-a V(z:rlssessettlggl.:DAe eﬁt-ﬁer orming ?epl abv J (?%% ection methods, we report the performance of the adversarial-
methods are an » Which are respectively based Qlining hased UDA methods DA-Faster, SADA and MIC (SADA)
non-adversarial, feature-level and pixel-level adaptation strategles, e graph-matching-based method FRCNN-SIGMA++. For
with an explicit. Fourier prior. iny CISS slightly outpgrforms ne-stage detection methods, we present the results of the
th? model that is supervised with only 100 target-domain labe dversarial-learning-based method EPM and the graph-matching-
With regard to the more recent, SegFormer-based methods, MAed method SIGMA. Following the previous works in cross-
of them manage to deliver substantial performance improveme Shain object detection, we repokP 2% for each category by
on the target, adverse-condition domain of ACDC compared to t &fault. We also provide,overall CO(?&D boX for reference. As
already strobr:g sgurce m.OdEl' In faflct, MIC, lesi’ an? HR%AleV ost of UDA object detection works benchmark their method on
prove capable urpassinghe pertormance o theraclemodael, it}/scapes to Foggy Cityscapes for normal-to-adverse adaptation,
which has exactly the same architecture as the source model y comparison we adopt the same con gurations to perform
also access o Farget-domain Iapels during training. This Is aﬂaptation from Cityscapes to ACDC. We expect to present
encouraging nding for the.domaln. adgptauon c.ommu.mty,.as fhe difference between real and synthetic adverse data and the
corroborates the bene t of introducing informed inductive b'asqﬁwportance of realistic adverse-condition images in ACDC. For
to learned models via proper losses or architectural modules%i}r/)fair comparison, we utilize the validation set to pick the best

order to improve thewgenerallzatlon to unlabeled data over mer bdel and report its performance on the test set as described in
feeding the models with more labeled data. [34]

The image-level correspondences of ACDC between adverse From Table 5 we observe that the con guration designed
and normal conditions act as weak supervision. We thus additidor Cityscapes Foggy Cityscapes may not be applicable on
ally experiment with MGCDA, a weakly supervised method thatityscapes ACDC and ACDC demonstrates a challenging
exploits such correspondences. MGCDA outperforms FDA butli@nchmark for normal-to-adverse adaptation. Several adversarial-
still inferior to its fully supervised counterpart. based UDA methods bring losses in performance compared to the
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TABLE 7
Comparison of state-of-the-art domain-adaptive semantic segmentation methods on Cityscapes I ACDC-Reference adaptation.
Cityscapes serves as the source domain and ACDC-Reference serves as the target domain. The rst and second groups of rows present
DeepLabv2-based [66] and SegFormer-based [89] unsupervised methods, respectively. The performance of the respective models trained on
Cityscapes (Source model) and of the oracle models trained on ACDC-Reference with all its 800 training labels (Oracle) is reported.
k=l 2 ] = 3 o = c T '% 5 5 - S %) k= = 3
Method gggggggggg%gggggnggmmu
n = - > = o = £ a
Source model [66] 84.6 48.2 754 26.1 30.5 32.7 30.1 40.0 828

56.7 84.2 47.3 458 79.2 281 454 59.0 328 527 517
AdaptSegNet [16] 88.8 58.8 80.6 239 33.0 229 484 39.7 858 628 942 506 46.2 61.1 405 444 538 405 581 544
ADVENT [20] 849 543 831 263 285 237 375 355 856 627

958 535 50.2 50.0 48.0 51.4 63.0 439 59.2 54.6
BDL [22] 89.4 615 80.1 254 284 220 46.8 40.8 858 63.3 943 482 487 768 43.6 443 596 468 589 56.1
CLAN [21] 87.9 496 785 275 292 359 537 495 863 66.6 90.2 56.0 41.9 805 334 469 612 47.7 553 56.7
FDA [25] 91.8 66.8 833 335 338 37.6 59.7 550 86.4 611 935 57.3 51.9 815 37.4 656 61.3 454 57.5 61.1
SIM [27] 86.7 50.6 81.4 13.0 28.4 239 480 357 855 645 913 51.0 50.9 72.6 43.0 429 53.1 32.8 445 526
MRNet [25] 90.1 59.4 835 31.3 30.1 40.6 59.3 537 884 67.0 956 58.1 551 844 535 446 64.8 582 642 622
CISS [47] 92.8 69.2 84.6 34.3 344 424 595 57.4 87.1 61.8 947 59.9 544 827 480 66.0 657 515 610 635
Oracle 941 747 865 443 362 394 583 532 874 688 961 56.3 447 831 428 525 675 458 56.7 625
Source model [44] 89.1 58.1 89.6 44.1 38.1 543 686 63.4 91.2 72.6 97.6 66.0 565 87.8 50.1 747 77.9 556 64.0 68.4
DAFormer [44] 924 69.9 90.6 63.4 365 552 702 559 91.1 70.1 97.6 665 57.7 835 535 743 79.7 588 621 69.9
HRDA [46] 88.8 53.6 920 664 362 582 76.6 607 91.0 73.0 97.3 763 69.1 91.8 702 950 89.3 68.3 753 752
MIC [31] 90.9 62.8 92.1 655 419 61.9 767 711 887 750 942 763 695 92.6 724 947 90.1 705 756
CISS [47]

77.0
958 80.3 926 69.0 384 608 769 685 920 743 980 769 70.6 929 716 919 885 69.7 755

78.1
96.0 80.9 91.3 63.1 458 59.0 723 66.2 916 752 980 67.8 583 86.5 56.3 657 806 536 676 724

Oracle

TABLE 8
Comparison of state-of-the-art domain-adaptive object detection methods on Cityscapes I ACDC-Reference adaptation. Cityscapes
serves as the source domain and ACDC-Reference serves as the target domain. The rst and second groups of rows present two-stage
domain-adaptive detection and one-stage domain-adaptive detection methods, respectively. All methods share the same ResNet-50 backbone.
The performance of the respective models trained on Cityscapes (Source model) and of the oracle models trained on ACDC-Reference with all its
800 training labels (Oracle) is also reported.

5 S S %) c g 3
Method 2 g g S 2 g 2 s AP APPox

o - S a
Source model (Faster R-CNN) [91]  22.1 32.2 45.4 16.4 19.4 20.8 26.7 24.3 25.9 12.6
DA-Faster [29] 21.9 34.8 46.7 13.6 17.5 18.7 26.3 27.6 25.9 12.1
SADA [30] 38.0 40.9 56.3 35 6.7 17 25.8 29.6 25.3 12.0
MIC (SADA) [31] 35.1 37.9 56.1 8.9 10.5 10.5 29.3 314 275 12.6
FRCNN-SIGMA++ [32] 21.9 31.2 44.8 18.2 15.8 21.8 27.6 26.9 26.0 12.6
Oracle 24.3 34.6 49.0 316 205 27.9 345 25.0 30.9 15.4
Source model (FCOS) [92] 30.6 28.3 50.6 19.8 215 12.6 25.4 21.8 26.3 13.3
EPM [33] 32.3 28.7 52.2 16.8 19.7 12.4 29.2 19.9 26.4 13.4
SIGMA [34] 315 312 53.6 18.7 17.3 16.9 28.6 26.8 28.1 14.0
Oracle 32.7 56.8 255 32.6 29.2 32.6 23.3 24.6 32.2 15.9

source-only model. Other methods presenting limited improvperformance improvement in a certain condition, the gap between
ment still have an obvious gap compared to the oracle model. Mie adapted model and the oracle model is still obvious, indicating
(SADA) exhibits the largest improvement among two-stage objettte dif culty of ACDC for existing UDA object detection methods.
detectors and SIGMA obtains the best performance among one-
stage object detectors. Although these models obtain improvemgr  Analysis for Normal-to-Adverse Adaptation
for Cityscapes Foggy Cityscapes task, the performance drop R ihi . . . . .
. 27 . . n this section, we have investigated cross-domain semantic seg-
Cityscapes ACDC indicates that the synthetic Foggy Cityscapes ; ; . .
AN o entation and object detection methods for adapting from normal
is still different from real-world adverse conditions and that ACDC ¢ .2 . .
o conditions to adverse ones, a scenario characterized by a large do-
poses a new challenge to existing UDA methods and enables a.
o . ; . . main gap. Table 3 shows that more recent transformer-based meth-
more realistic setting for domain-adaptive detection.

ods using SegFormer-type backbones [389] exhibit greater robust-
In addition, we also train state-of-the-art UDA methods taess than older CNN-based methods based on DeeplLabv2 [

1
adapt from Cityscapes to individual conditions of ACDC irunder large domain shifts, consistently achieving higher perfor-
Table 6. The uniformity of target domain in this setting enablesance. Furthermore, among various domain adaptation strategies,
a larger performance gain compared to a target domain wablf-training proves bene cial across both semantic segmentation
mixed conditions in Table 5. We observe that in some condind object detection when the domain gap is large. Moreover,
tions, the UDA method presents even worse performance thapproaches involving input-level adaptation, such as FDA [25]
the source-only model. This is because the adapted model framd CISS [47], bene t semantic segmentation performance consis-
the nal epoch is not the optimal model for the new domaintently across backbones and conditions. From a weather-speci c
which also re ects the importance of hyperparameters on differepeérspective, we nd that nighttime conditions present the hardest
UDA tasks. Moreover, although the adapted models obtain somtellenge across the examined tasks, whereas rain is the easiest
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TABLE 9
Comparison of state-of-the-art supervised semantic segmentation methods on ACDC. Training and evaluation are performed using the
training and test sets of the entire adverse-condition part of ACDC including all four adverse conditions, respectively.

Method mloU

road
sidew.
build
wall
fence
pole
light
sign
veget
terrain
sky
person
rider
car
truck
bus
train
motorc
bicycle

Re neNet [69] 925 712 86.2 39.0 440 532 688 66.0 851 593 949 652 385 858 538 59.7 76.2 475 545 653
DeepLabv2 [66] 88.0 62.3 80.8 37.0 351 339 49.8 495 80.1 507 925 51.1 265 799 49.0 411 722 265 442 553
DeepLabv3+[75] 934 748 89.2 53.0 49.0 587 711 674 878 627 959 69.7 360 881 677 718 851 480 59.8 70.0
HRNet [79] 953 799 90.7 53.7 574 659 784 759 888 686 96.1 755 540 912 682 76.2 854 584 651 750
Mask2Former [93] 96.2 83.9 919 62.0 59.7 704 804 79.0 904 73.0 96.7 782 508 913 749 743 929 57.0 66.1 77.3
ViT-Adapter [94] 96.4 84.6 92.2 68.0 63.7 69.8 805 80.0 90.2 726 964 79.0 488 92.0 831 68.7 923 638 681 784

TABLE 10 earlier DeepLabv2-based architecture [66], while four of them are
Comé’%fison ?L‘éoggiffion experts vs. uber models on ;hhe different . trained with the more recent SegFormer-based architecture [39]
conditions o or semantic segmentation. e rstgroup o : : :

rows presents condition-speci c expert models trained on a single (CISS [47] is trained with both).

condition, while the second group presents uber models trained on all Among the DeeplLabv2-based methods, CISS, MRNet and

adverse conditions. Note that the performance on all conditions is not FDA excel on the target-domain test set of ACDC-Reference,

an average of the respective performances on individual conditions. as they match (MRNet and FDA) or even exceed (CISS) the

mean loU performance of the oracle model which is trained

Method Fog Night Rain Snow All on labeled images from ACDC-Reference. Thus, we conclude

Re neNet [69] 63.6 52.2 66.4 62.5 62.8 that when focusing on this earlier architecture, the domain gap

DeeplLabv2 [66] 52.2 454 57.6 56.8 54 9which is caused by the different sensor characteristics between
DeepLabv3+[75]  68.7 59.2 73.5 70.5 69.6 Cityscapes and ACDC is possible to be closed by state-of-the-
HRNet [79] 70.8 63.2 72.7 70.2 70.9 art UDA methods. Considering the more recent, SegFormer-based
Re neNet [69] 65.7 55.5 68.7 65.9 65.3 methods, the difference in performance between the source model
DeepLabv?2 [66] 54.5 45.3 59.3 57.1 55.3and the oracle model becomes only slight, namely 4.0% in mean
DeepLabv3+[75]  69.1 60.9 74.1 69.6 70.010U. The three top-performing methods, namely CISS, MIC and
HRNet [79] 4.7 65.3 i 76.3 75.0 HRDA, signi cantly surpass the performance of the oracle model,
indicating that in this domain adaptation setting, the inductive
setting for semantic segmentation and snow is the easiest Ggses which are introduced to the models by the respective
for object detection. Since object detection primarily focuses etiorementioned domain adaptation and generalization strategies
foreground objects, our experimental results suggest that differ@aiost the target-domain performance even more than access to
categories experience distinct domain shifts even within the samedomain training data does, which only the oracle model enjoys.
scene. This observation highlights the potential of category-aware
or instance-aware adaptation strategies to further enhance
robustness of perception models under adverse conditions.

éhf Domain-Adaptive Object Detection

We present the sensor-level object detection adaptation results in

Table 8. According to the results, although both Cityscapes and
5 SENSOR-LEVEL ADAPTATION ACDC-Reference contain images captured in normal conditions,
ACDC also contains 4006 reference images captured in norntagre still exists a domain gap between Cityscapes and ACDC-
conditions, i.e. daytime and clear weather, to which we will refdReference. If we take the performance gap between the source-
in the following as ACDC-Reference. As detailed in Sec. 3.®nly model and the oracle model as an indicator of the domain
1503 of these images have been newly annotated in the pregan, Cityscapes has a smaller domain gap to ACDC-Reference set
extended version. Thus, we also provide here two new benchmagksnpared to the adverse-condition part of ACDC.
for sensor-level adaptation on semantic segmentation and objectWe observe that on common categories such as person and car,
detection. For this type of adaptation, we use the Cityscapgigte-of-the-art UDA methods for detection obtain equal or better
training set, which is characterized by normal conditions, as tperformance compared to the respective oracle models. However,
source domain and all ACDC-Reference training images as tias the less frequent categories such as truck and bus, even if the
target domain. The performance of the adaptation from the camédemain gap is small, there is still an obvious performance gap.
sensor of Cityscapes to the respective sensor of ACDC is evalualdus indicates that how to effectively mine the knowledge from
on the annotated part of the test split of the ACDC-Referentlese rare categories remains a pressing research question for the
subset, which comprises 500 images. area of domain-adaptive object detection.

5.1 Domain-Adaptive Semantic Segmentation 5.3 Analysis for Sensor-Level Adaptation

We introduce a new benchmark for sensor-level real-to-re@his section has examined adaptation from Cityscapes to ACDC-
UDA of semantic segmentation: CityscapeBCDC-Reference. Reference. Since both datasets contain urban images captured
We select eleven representative state-of-the-art UDA methodsder clear weather, the domain gap is considerably smaller
train them with their default con gurations for adaptation fromthan in the normal-to-adverse adaptation setting. Consistent with
Cityscapes to the ACDC-Reference subset and present the the previous analysis in Sec. 4.3, self-training—based methods as
sults in Table 7. Eight of these methods are trained with theell as input-level adaptation methods—two sets which are not
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Fig. 4. Qualitative results of selected semantic segmentation methods on ACDC. From left to right: image, ground-truth annotation, FDA [25],
DeepLabv3+ [75], and HRNet [79]. The color coding of the semantic classes matches Fig. 1.

TABLE 11
Comparison of class-level performance of DeepLabv3+ condition experts on the various conditions of ACDC. A different model is trained
on each individual condition and then evaluated on this condition.

in 8 2 T 3 8 2 2z 5 % § » § ® 5 % & £ § 3
Condition 5 o Ei g S S 2 > % = b ] 3 3 < = & Mmiou
® - > = =3 - g IS
Fog 93.8 774 888 51.0 433 542 682 717 877 746 982 535 321 838 693 844 853 472 401 687
Night 947 759 850 484 386 522 558 544 761 303 842 674 411 850 83 623 806 356 498 59.2
Rain 928 774 939 673 581 641 744 759 942 508 986 70.8 334 904 677 792 86.8 546 66.1 735

Snow 919 709 90.1 489 520 622 792 745 920 470 976 782 359 904 617 643 89.2 439 694 705

TABLE 12 6.1 Semantic Segmentation
Cross-evaluation of DeepLabv3+ condition experts on the various

adverse conditions of ACDC.  Each model is trained on an individual ~ We use ACDC to train six state-of-the-art supervised semantic
condition and evaluated on each condition separately. Performance of segmentation methods and report their performance in Table 9
the Cityscapes pre-trained model is also reported. L T . '
yScapes p P Qualitative results are shown in Fig. 4 for two supervised methods

and one UDA method. We draw the following conclusions: (1) full
supervision in adverse conditions is more valuable than designing

Train/Eval Fog Night Rain Snow

Normal 45.7 25.0 50.0 42.0 a better architecture trained solely on normal conditions, as even
Fog 68.7 40.7 635 59.1 an earlier method [66] performs better with full supervision than
Night 58.5 59.2 55.6 49.6 the top-performing externally pre-trained model (cf. Table 17). (2)
Rain 65.2 46.0 73.5 63.5 ACDC is a challenging benchmark for supervised methods due
Snow 59.2 38.0 69.3 70.5 to its hard visual domains; even the very recent ViT-Adapter [94]

scores only 78.4% mloU on the test set, which is 6.8% lower
mutually exclusive here—achieve the best performance either ian its respective performance of 85.2% on Cityscapes [79]. (3)
semantic segmentation or object detection under a small domaie rankings of the supervised and the pre-trained models do not
gap. Interestingly, under this less complex domain shift, theserrelate well, as can be seen from the results in Tables 9 and 17.
types of approaches even surpass the oracle model in the semanThe last point suggests that state-of-the-art networks such
tic segmentation task, whereas domain-adaptive object detect&mHRNet have enough capacity to overt to datasets such as
methods fail to do so against their competing oracles. We attrib@@#yscapes, which would explain the low performance of the
this difference to the disparity in supervision density betwedBityscapes pre-trained HRNet model on ACDC. We test this
the two tasks: semantic segmentation provides dense pixel-lelrgpothesis by training HRNgbintly on Cityscapes and ACDC
labels, while object detection offers only sparse bounding-box amdr expectation is that the jointly trained model will at least
notations. This nding underscores the importance of developingatch the performance of the individually trained models on each
task-speci ¢ adaptation strategies that account for the supervisidataset. This is con rmed, as the jointly trained model gets 81.2%
granularity of different perception tasks. mloU on Cityscapes and 74.8% on ACDC, beating and being on a
par with the respective individually trained models. Thus, even if
ACDC is not of very large scale, it helps to ef ciently regularize
6 SUPERVISED LEARNING ON ADVERSE CONDI- Segmentation models for normal conditions as well.
TIONS Table 10 compares models trained on a single adverse con-
dition, termed condition experts, against models trained on the
In this section, we benchmark several supervised methods for difitire training set, termed uber models. Each condition expert
ferent central dense semantic perception tasks, including semaigtievaluated on the condition it has been trained on. The uber
segmentation, instance segmentation, and panoptic segmentatioogels generally beat the respective condition experts across
on ACDC. different conditions and segmentation networks. This hints that the






