2305.17349v3 [cs.CV] 22 Jul 2024

arxXiv

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. XX, JULY 2024

Condition-Invariant Semantic Segmentation
Christos Sakaridis, David Bruggemann, Fisher Yu, and Luc Van Gool

Abstract—Adaptation of semantic segmentation networks to different visual conditions is vital for robust perception in autonomous
cars and robots. However, previous work has shown that most feature-level adaptation methods, which employ adversarial training and
are validated on synthetic-to-real adaptation, provide marginal gains in condition-level adaptation, being outperformed by simple
pixel-level adaptation via stylization. Motivated by these findings, we propose to leverage stylization in performing feature-level
adaptation by aligning the internal network features extracted by the encoder of the network from the original and the stylized view of
each input image with a novel feature invariance loss. In this way, we encourage the encoder to extract features that are already
invariant to the style of the input, allowing the decoder to focus on parsing these features and not on further abstracting from the
specific style of the input. We implement our method, named Condition-Invariant Semantic Segmentation (CISS), on the current
state-of-the-art domain adaptation architecture and achieve outstanding results on condition-level adaptation. In particular, CISS sets
the new state of the art in the popular daytime-to-nighttime Cityscapes— Dark Zurich benchmark. Furthermore, our method achieves
the second-best performance on the normal-to-adverse Cityscapes—ACDC benchmark. CISS is shown to generalize well to domains

unseen during training, such as BDD100K-night and ACDC-night. Code is publicly available at https://github.com/SysCV/CISS.

Index Terms—Semantic segmentation, domain adaptation, adverse conditions, invariance, unsupervised learning.

1 INTRODUCTION

NSUPERVISED domain adaptation (UDA) is a primary in-
U stance of transfer learning, in which a labeled source set and
an unlabeled target set are given at training time and the goal is
to optimize performance on the domain of the latter set. There is
a large body of literature focusing on UDA for semantic segmen-
tation, which is of high practical importance for central computer
vision applications such as autonomous cars and robots, as these
systems need to have a dense pixel-level parsing of their surround-
ing scene, are bound to encounter data from different domains than
those annotated for training, and labeling large quantities of data
for each new deployment domain is very time- and cost-intensive.
The main directions of recent research on this task are adversarial
learning for domain alignment [1], [2], [3], [4], [5] and training
with pseudolabels [6], [7], [8], [9], [10], [11], with methods
primarily focusing on the synthetic-to-real UDA setting [12], [13],
i.e., GTA5—Cityscapes and SYNTHIA—Cityscapes. However,
the normal-to-adverse Cityscapes—ACDC UDA benchmark in-
troduced in [14] showed that adversarial-learning-based methods,
which attempt to align domains at the level of features, struggle
with the domain shift from normal to adverse conditions. By
contrast, Fourier domain adaptation (FDA) [15] was shown in [14]
to provide significant gains in this normal-to-adverse setting, even
with its simple non-learned pixel-level domain alignment.

We recognize that the problem with adversarial approaches
is that they discriminate between feature maps that are extracted
from different scenes, which does not allow to disentangle the
difference in the domain from the difference in the scene content.
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Fig. 1. The domain shift from normal to adverse conditions presents
challenges to top-performing state-of-the-art domain adaptation meth-
ods for semantic segmentation (c) due to the large resulting change
in the appearance of classes. We propose a method that encourages
invariance of internal features of segmentation networks to visual condi-
tions by comparing features of different views of the same scene under
the style of different domains, improving segmentation especially for
classes which undergo large shifts.

The key idea in this work is to factor out the aforementioned
difference in scene content by aligning internal features which
are extracted from two versions of the same scene that belong
to different domains with a feature invariance loss that penalizes
differences between the two feature maps. The intuition is that
the encoder of the semantic segmentation network should output
features that are already invariant to the domain/style of the scene,
so that the decoder can subsequently produce identical outputs for
the different versions of the scene, as the ground-truth semantics of
these versions are also identical. To our knowledge, we are the first
to propose this cross-domain internal feature invariance in UDA
for semantic segmentation, which hinges on comparing features
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from different views of the same scene rendered in different
domains/styles, and we demonstrate through our experiments the
superiority of our internal feature invariance to the output-level
consistency which is invariably employed in the literature.

A major challenge in implementing the novel feature invari-
ance loss is the generation of representative alternative views of
input source-domain or target-domain scenes. Instead of relying
on learned models which add significant complexity to the overall
adaptation architecture or on simple photometric augmentations,
we propose to leverage shallow stylization methods, e.g. FDA [15]
or simple color transfer [17], to this end. In order to transfer each
source-domain image to the style of the target domain, we use
the corresponding target-domain image of the training mini-batch
and transfer its style to the source-domain image. This allows
a light-weight stylization that is simply implemented as part of
the data loading in training. The original and stylized source-
domain images are then both fed to the segmentation network
to compute the feature invariance loss. The converse procedure
is followed for each target-domain image of each training mini-
batch. As the invariance of features is promoted across views of
the scene which are characterized by an identical structure of the
objects that are present, we term our method Condition-Invariant
Semantic Segmentation (CISS, pronounced kiss). The name of
our method signifies that it is tailored for condition-level domain
shifts and not shifts involving structural changes of objects, as in
the synthetic-to-real setup, where the shape of objects may change
across domains. CISS is not specific to the particular stylization it
uses and works well with different stylization techniques including
[15], [17], as we evidence in Sec. 4.

In our experiments, we use the state-of-the-art HRDA [16]
architecture and implement CISS on top of it. We show that our
feature invariance loss improves significantly upon the straightfor-
ward alternative of defining an extra cross-entropy loss on the styl-
ized images and we demonstrate the merit of applying this loss to
internal features instead of output-level representations, contrary
to previous works. Moreover, the separate feature invariance losses
on source and target images are shown to be synergistic, leading
to state-of-the-art results both on the Cityscapes—Dark Zurich
and Cityscapes—ACDC UDA benchmarks. More specifically, on
Cityscapes—Dark Zurich, CISS not only outperforms HRDA by
4.8% in mean IoU, but it also beats MIC [18], which is the
previous best-performing method on this benchmark and also
builds on top of HRDA in a direction orthogonal to CISS. Our
method is additionally ranked second on Cityscapes—ACDC,
delivering a significant improvement over HRDA and performing
competitively to MIC across all four adverse conditions of the
test set of ACDC, where it achieves the top performance on the
rain split. Last but not least, we evaluate the CISS model trained
for nighttime segmentation on Cityscapes—Dark Zurich in zero-
shot generalization settings using the BDD100K-night set [19],
[20] and the ACDC-night set [14] and demonstrate the benefit
of condition invariance for generalization across diverse unseen
nighttime data.

2 RELATED WORK

2.1 Unsupervised Domain Adaptation

Previous works on UDA often utilize adversarial domain adapta-
tion to align the source and target domains at the level of pixels,
intermediate features, or outputs [1], [2], [4], [5], [21], [22], [23],

[24], [25], [26], [27], [28], [29], [30]. Other approaches apply self-
training with pseudolabels [6], [7], [10], [11], [31], [32] or com-
bine self-training with adversarial adaptation [3]. CyCADA [23]
employs a semantic consistency loss with some similarity to our
feature invariance loss. This loss optimizes the two generators in
the CycleGAN architecture [33] to translate images across the
source and target domains in a way which ensures that a fixed
segmentation network predicts the same outputs for the translated
versions of the images as for the original images. Importantly,
the weights of this fixed segmentation network are not optimized
jointly with the rest of the networks that are involved in CyCADA,
but a separate segmentation network is rather learned for the target
domain, for which no semantic consistency loss is applied. On
the contrary, we propose to learn a single segmentation network
both for the source and the target domain, the internal features
of which are optimized to be invariant to the input condition.
FIFO [34] introduces fog factors, which are intermediate global
representations of the characteristics of fog that is (or is not)
present in images. These representations are extracted with a
separate fog-pass filtering module, which accepts as input inter-
mediate features of the main segmentation network. However,
the fog factors—the deviation of which is penalized in [34]—do
not always correspond to images with the same content; thus,
penalizing their deviation does not necessarily enforce condition
invariance of the segmentation features. Pixel-level adaptation via
explicit transforms from source to target is performed in [15], [35],
[36]; we build on the effectiveness of FDA [15], but only use it as a
building block in CISS, which additionally performs feature-level
adaptation. Recent works upgrade the architecture and training
strategy for UDA [37] and operate at higher resolution [16], de-
livering significant performance gains; we implement CISS using
these architectures and show the additional benefit of condition
invariance in this highly competitive setting.

2.2 Consistency Regularization

PixMatch [38] uses consistency regularization in the context of
unsupervised domain adaptation on the target domain, by pro-
moting invariance of the semantic predictions of the segmentation
network to various perturbations of the input target image, in-
cluding changes in the low-frequency part of the Fourier phase
of the image and in its style. However, the original target-domain
semantic predictions can be false as they constitute pseudolabels
and this may impact the learned representations negatively. By
contrast, our method promotes invariance of internal features,
which avoids reliance of consistency regularization on potentially
false pseudolabels. The aforementioned issue in [38] with the
reliability of pseudolabels is also present in the very recent
method of MIC [18], which promotes consistency in the output
space of target-domain images under masking. The idea of con-
sistent label predictions under input augmentations stems from
FixMatch [39], which considers a classification setting; we instead
promote consistency at the level of internal features in a dense
fashion. A consistency loss was also used in [3] for UDA, but
it was again applied at the outputs of the network, contrary to
our feature invariance loss, which is applied to internal network
features. Consistency under augmentations has also been found
to be important in semi-supervised semantic segmentation [40];
instead of plain augmentations, we employ stylization of the input
images by exploiting pairs of source and target images that are
available at training to obtain better cross-domain image views
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Fig. 2. Overview of our method. Two instances of a shallow stylization mapping g are fed with the source and target image, Is and I+, to produce
versions stylized with the converse domain, 15, and I;_,. In this example, Is—+ and I;_,s are computed using FDA [15]. The four images are
fed to a shared encoder ¢, the features of which are used to compute our feature invariance losses. The features of the original source and target
images are further fed to a shared decoder w to compute softmax predictions and respective cross-entropy losses. Double lines indicate shared

weights.

for promoting invariance. CISS can be viewed as a contrastive
learning method, using positive pairs to enforce feature invariance
densely at each pixel. Contrastive approaches are also proposed
in [41], [42], [43], [44], [45], however, they contrast general pairs
of pixels, while we contrast pairs of pixels that depict exactly
the same point of the scene, providing stronger positive pairs. A
concurrent work [46] with ours implements consistency training
with a consistency loss that is similar to our feature invariance
loss, however, that work focuses on the domain generalization
setting simply using augmentations of input images rather than
on our UDA setting, for which stylization of the images to the
style of different domains is essential. Moreover, [46] applies
consistency to the penultimate layer of the network, i.e. very close
to the output level, and not internally in the network at the encoder
outputs, as CISS does. Our strategy is motivated by the intuition
that the encoder of the semantic segmentation network should
already output features that are invariant to the domain/style of
the scene, so that the decoder can subsequently focus on parsing
these features and not on further abstracting from them.

3 CONDITION-INVARIANT SEMANTIC SEGMENTA-
TION

We first provide a basic UDA setup for semantic segmentation,
with definitions of inputs, outputs and losses, and then present our
UDA method, CISS, which builds on this setup. A visual overview
of CISS is presented in Fig. 2.

3.1 A Basic UDA Setup

In modern UDA training pipelines, each training batch contains
an equal number B of source and target images. We denote the
. B . B
source images by {/,},_, and the target images by {I;5},_;-
Moreover, the batch contains pixel-level semantic labels of the
source images and—in self-training-based methods—of the target
images, the latter constituting }gseudolabels. We denote these

labels by {Ys,b}f’:l and {Zyb}bzl, respectively. For presenting

our method, we assume that the pseudolabels {ﬁ,b}le are given,
as our focus is not on improving pseudolabel generation, and we
defer the details of this generation to Sec. 4.

For the sake of simplicity, we focus on the case where
B = 1, but our analysis extends straightforwardly to larger B.
Dropping the redundant subscripts, the training batch in this case
is (Is, I, Ys, Y;). The basic UDA setup we start from involves
training the semantic segmentation network F' using both the
source-domain and the target-domain sample by applying cross-
entropy losses on the outputs of F' for the two images. More
specifically, if the semantic labels Y are one-hot-encoded in a
C x H x W tensor, where C' is the number of classes, then the
cross-entropy loss associated with the softmax output F'(I) of the
network for [ is defined as

1
CHW

c,h,w

»CCE(Fv I, Y) = — }/c,h,w 1Og (F(I)c,h,w> . (1)

Thus, in the basic training setup we start from, the overall loss can
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be expressed as
Luwsic = Leg(Fy I, Yy) + Leg(F, 1, V7). 2

This training loss encourages the network to preserve its knowl-
edge on semantics from the source domain, which features high-
quality ground-truth labels, while also adapting to the target
domain via pseudolabels.

3.2 Pixel-Level Adaptation with Stylized Views

In order to better align the source and target domain, we can
translate the input images from one domain to the style of the
other domain. This is an alignment of the two domains at the
level of pixels and it is based on the preservation of the semantic
content of the input image after the stylization. Thus, the semantic
annotation of the original input image can be used to supervise the
prediction of the network for the stylized image, as the semantics
are preserved.

This type of pixel-level adaptation has been followed in several
previous works [3], [26] which attempt to learn the stylization with
a separate deep network. We argue that a light-weight shallow
mapping ¢ for the stylization is more flexible, as stylization can
be performed on-the-fly during the data loading stage of training
and does not introduce unnecessary additional complexity to the
overall architecture. The availability of pairs of source and target
images serves such a shallow stylization well, as one image can
use the other image as the reference style, so the mapping g is
not fixed for a given input image but has greater variability. More
formally, we can write the stylized source image of our training
batch from Sec. 3.1 which is computed with this regime as

Is—»t = g(IS7It) (3)
and the respective stylized target image as
It—)s :g<ltals)- (4)

The stylization mapping g is the same in both cases, only that
the order of its arguments is flipped, as the output always has the
content of the first argument and the style of the second one. Such
shallow stylizations have been proposed in the color transfer work
of Reinhard et al. [17] and in FDA [15] and have been shown [15]
to perform favorably for UDA compared to stylization learned
jointly with semantic segmentation. Our method is generic w.r.t.
the exact mapping g that is used for stylization. We have used both
FDA [15] and simple color transfer [17] in the implementation
of CISS, motivated by the compelling results of such shallow
stylization approaches, especially in the normal-to-adverse UDA
setting [14]. For the details of the simple color transfer method
of Reinhard et al., we refer the reader to the original paper [17].
However, as FDA has a more complex formulation, we review
it here shortly for completeness. FDA works with the discrete
Fourier transform of the source and target images and copies the
low-frequency Fourier amplitude of the reference style image to
the input content image. More formally, FDA implements (3) as

Iy = F Y IMOFAL)+(1-M)OFs(L,), Fp(I)]), (5)

where M is an ideal low-pass filter, F4(-) denotes the Fourier
amplitude, Fp(-) denotes the Fourier phase, and F~!([-,])
denotes the inverse discrete Fourier transform for a given pair of
Fourier amplitude and phase. I;_,s can be computed conversely
based on (4).

Since I;_; is rendered at the style of the target domain and is
thus aligned to the latter, [15] proposes to modify the basic setup
of (2) and substitute the original source image I with the stylized
source image [;_,+ in the cross-entropy loss associated with the
source domain, where the stylization can be performed with any
shallow mapping:

Lepa = Lee(F, Is—4,Ys) + Lce(F, It,ﬁ) (6)

3.3 Feature Invariance Loss

However, by only applying cross-entropy losses on the stylized
source image I_,; and the target image I;, the optimization (6)
proposed in [15] neglects the fact that two views are available
for each input image thanks to stylization, one in the style of the
source domain and the other in the style of the target domain. In
particular, (6) only leverages the views that are characterized by
the style of the target domain and neglects I and I;_,, which are
characterized by the style of the source domain. Our key insight is
that by using both views of the images—each view corresponding
to a different domain—in the training, we can promote invariance
across domains of the internal features generated by the network
and we can thus better align the two domains at the level of
features, which aids domain adaptation.

A straightforward way to attempt such an alignment is by
adding cross-entropy losses on the additional views which are not
included in (6), namely I and I;_.4:

Lepsn = Lcg(F, Ist,Ys) + Log(F, I, Y5)
+ Lee(F, 11, Yy) + Leg(F, I, Yy). 7

Since the labels used to supervise the predictions of the network
for I and I;_,; (respectively I; and I; ) in (7) are the same, the
two predictions are indirectly attracted to the same point, which is
expected to promote consistency across domains.

Nevertheless, we argue that the shared semantic content be-
tween I, and I, (respectively I; and I;_, <) allows to impose an
even stronger constraint on the semantic segmentation network F'.
More specifically, typical deep semantic segmentation networks
consist of an encoder and a decoder. The bottleneck layer between
the encoder and the decoder produces high-level internal features
which should ideally be invariant to the specific style or visual
condition of the input, allowing the decoder to focus on parsing
these features into the output semantic classes and to not have
to further abstract from the specific style of the input. Thus, we
can minimize the difference of internal features produced by the
semantic segmentation network for views of the same scene under
different styles, which is exactly the setting we have been examin-
ing. More formally, we can analyze the segmentation network F'
as a composition of an encoder ¢ and a decoder w: F' = wo ¢. For
two input images I and I’ of the same dimensions, the features
generated by the encoder are ¢(1), p(I') € RP*MXN ' \where
D corresponds to the channel dimension. We define our feature
invariance loss as

1
Lin(F=wo¢,1.1) = morllo(D) = o)z, ®

where || - || is the Frobenius norm.

Coming back to our UDA setup, we propose to apply our
feature invariance loss on the pairs of views (I, Is—;) and
(I¢, I ) in order to align the internal features of the views from
each pair. The two resulting feature invariance losses are combined
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TABLE 1
Comparison of state-of-the-art domain adaptation methods on Cityscapes—Dark Zurich. The first and second groups of rows present

weakly supervised methods using a RefineNet [
unsupervised methods using a SegFormer [

] architecture with image-level cross-time-of-day correspondences in Dark Zurich, and
] architecture, respectively. Best result per column in bold, second-best underlined.

—_— = - g (=] = i) 3] 2

2 z = = 8 2 = £ o] 3 > S o) S @ g 5 3]
Method g .i; E g 8 s B % §o E Z g 2 g g E g é E mloU
GCMA [49] 81.7 469 588 220 200 412 405 416 648 31.0 321 535 475 755 392 0.0 496 30.7 21.0 42.0
MGCDA [19] 80.3 493 662 7.8 11.0 414 389 39.0 64.1 18.0 558 52.1 535 747 66.0 00 37.5 29.1 227 425
DANNet [50]  90.0 54.0 748 41.0 21.1 250 268 302 720 262 84.0 47.0 339 682 190 03 664 383 236 443
DAFormer [37] 93.5 65.5 733 394 192 533 441 440 59.5 345 66.6 534 527 82.1 527 95 893 505 385 538
SePiCo [42] 93.2 68.1 737 328 163 546 495 481 742 310 863 579 509 824 522 1.3 83.8 439 29.8 542
HRDA [16] 904 563 720 39.5 19.5 57.8 527 43.1 593 29.1 70.5 60.0 58.6 84.0 755 112 90.5 51.6 409 559
MIC [18] 948 750 84.0 551 284 620 355 526 592 468 70.0 652 61.7 821 642 185 91.3 52.6 44.0 60.2
CISS (ours) 943 704 80.7 50.8 209 59.1 36.1 573 679 37.5 827 629 557 857 835 14.0 91.8 554 459 60.7

with the cross-entropy losses of the basic setup of (2) in our final
formulation of CISS as

Leciss = Lee(F, I, Ys) + Lee(F, I, Yt)

+ AS‘CinV(F7 Isa Is—nf) + )\t‘cinv(Fa Ita It—>s); (9)

where As and \; are tunable hyperparameters. Note that we use
cross-entropy losses only on the original images Is and Iy, as
the cross-entropy losses on the stylized images Is_.; and [; .
which are used in (7) are redundant due to the inclusion of the
feature invariance losses. In Sec. 4, we thoroughly ablate the final
formulation in (9) and compare it to the basic formulation in (2)
and the alternative formulations in (6) and (7), demonstrating the
benefit of introducing our novel feature invariance loss compared
to training with the other formulations.

4 EXPERIMENTS
4.1
4.1.1 Implementation Details

The default implementation of CISS is based on HRDA [16].
Our semantic segmentation network comprises an MiT-B5 en-
coder from SegFormer [48] and a context-aware feature fusion
decoder [37]. We also implement CISS with a DeepLabv2 [51]
architecture involving a ResNet-101 backbone [52], in order to
compare directly to several earlier UDA methods which use this
architecture. For the default HRDA-based implementation, we fol-
low the teacher-student self-training framework of DAFormer [37]
with confidence-weighted pseudolabels, rare class sampling, and
target data augmentation following DACS [9], and we use the
AdamW optimizer [53] with a learning rate of 6 x 107> for
the encoder and 6 x 10~% for the decoder, a linear learning
rate warm-up, and mini-batches of size B = 2. We follow
the default configuration and parameters of HRDA regarding its
multi-resolution setup. Unless otherwise stated, we use FDA [15]
by default as the stylization module g. Alternatively and only
when explicitly stated, we instantiate g with the color transfer
of [17] or with simple color jitter augmentation. In the latter, we
randomly perturb independently with 50% probability each of the
brightness, contrast, saturation, and hue of the input image. In all
cases, our stylization operation g is always applied both to source-
domain and target-domain data, while DACS-based augmentation
is applied only to target-domain data, only with a probability—
i.e. not always—and after stylization g. Thus, the encoder ¢ is

Experimental Setup

encouraged by CISS to become invariant w.r.t. style variations
under mapping g per se. DACS-based augmentation does not
interfere with the former learning objective but rather synergizes
with it by orthogonally improving target-domain pseudolabels.
In the application of FDA stylization, we use 5 = 0.01 as the
bandwidth parameter of the low-frequency band of the Fourier
spectrum, following the default choice in the original paper [15].
We set the default values of the weights of the feature invariance
losses in (9) for adaptation from Cityscapes to ACDC to Ay = 50
and \; = 20 for the default HRDA-based implementation of
CISS and to A; = A¢ = 10 for the alternative DeepLabv2-based
implementation. For adaptation from Cityscapes to Dark Zurich,
we set A; = 100 and Ay = 10. We provide a study of these
weights in Sec. 4.5.

4.1.2 Datasets

In our experiments, we focus on the setting of domain adaptation
and generalization from normal to adverse visual conditions,
as our method is tailored for condition-level domain shifts that
affect the appearance and texture of objects in the scene and
not for structural-level shifts, as in the synthetic-to-real scenario.
We use Cityscapes [55] as the labeled source-domain set in
our experiments. Cityscapes is a large dataset of urban driving
scenes, captured in several cities of central Europe under nor-
mal conditions and containing high-quality pixel-level semantic
annotations for a set of 19 common classes in driving scenes.
It consists of a training set with 2975 images, a validation set
with 500 images, and a test set with 1525 images. When training
UDA methods in our experiments, we sample source images
only from the training set of Cityscapes. In addition, we use
Dark Zurich [19] and ACDC [14] as unlabeled target-domain
sets, which model the adverse-condition domain for normal-to-
adverse UDA. Dark Zurich comprises 2617 nighttime images of
driving scenes, which are split into 2416 training, 50 validation,
and 151 test images. ACDC consists of 4006 images of driving
scenes distributed evenly among four common adverse conditions,
i.e., night, fog, rain, and snow. Its training, validation and test
set contain 1600, 406 and 2000 images respectively. Both Dark
Zurich and ACDC feature high-quality semantic annotations for
the same set of 19 classes as Cityscapes. In our experiments, we
use the training sets of Dark Zurich and ACDC as the unlabeled
target training sets, evaluate on the respective validation sets for
ablations and hyperparameter studies, and evaluate only our final
models against competing methods on the respective test sets, both
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TABLE 2
Comparison of state-of-the-art unsupervised domain adaptation methods on Cityscapes— ACDC. Cityscapes serves as the source domain
and the entire ACDC including all four adverse conditions serves as the target domain. The first, second and third groups of rows present methods
trained externally on Cityscapes— Dark Zurich, DeepLabv2-based UDA methods and SegFormer-based UDA methods, respectively. Results of

DACS are taken from [54]. Best result per column in bold, second-best underlined.
= 3 =] = 3 = = g g 5 ] . = 2 =
Method g é E g E %‘0; ED ;ﬂ g‘) g Z % é g E Z2 E e % mloU
8 a £ S
GCMA [49] 79.7 48.7 71.5 21.6 299 425 56.7 5777 75.8 39.5 872 574 29.7 80.6 449 462 62.0 372 465 534
MGCDA [19] 76.0 494 72.0 113 21.7 39.5 52.0 549 737 247 88.6 54.1 272 782 309 419 582 31.1 444 489
AdaptSegNet [1] 694 340 52.8 135 180 43 149 9.7 640 23.1 382 386 20.1 593 356 30.6 539 198 339 334
BDL [3] 56.0 325 68.1 20.1 174 15.8 30.2 287 599 253 37.7 287 255 702 39.6 405 52.7 29.2 384 37.7
CLAN [4] 79.1 29.5 459 18.1 21.3 22.1 353 40.7 674 294 328 427 185 73.6 420 31.6 557 254 307 39.0
CRST [7] 517 244 67.8 133 9.7 302 382 34.1 58.0 252 76.8 399 17.1 654 37 66 396 11.8 86 328
FDA [15] 732 347 59.0 248 295 28.6 433 449 70.1 28.2 5477 470 285 74.6 448 523 633 283 395 457
SIM [5] 538 6.8 755 11.6 223 11.7 234 257 66.1 83 80.6 41.8 248 49.7 38.6 21.0 41.8 25.1 29.6 34.6
MRNet [8] 722 82 364 137 185 204 387 454 702 357 50 478 19.1 73.6 42.1 360 474 17.7 374 36.1
DACS [9] 58.5 347 764 209 22.6 31.7 327 46.8 587 39.0 363 437 205 723 39.6 348 51.1 246 382 412
CISS-DeepLabv2 (ours) 70.5 36.7 67.0 29.4 302 31.6 456 489 704 247 655 482 31.1 76.6 457 470 628 268 389 472
DAFormer [37] 584 51.3 84.0 427 351 50.7 30.0 57.0 74.8 52.8 513 582 32.6 827 583 549 824 44.1 507 554
SePiCo [42] 61.3 48.6 849 39.6 403 542 489 606 748 543 572 652 383 848 66.2 604 855 445 53.1 59.1
HRDA [16] 88.3 579 88.1 552 367 563 629 653 742 577 859 688 456 885 764 824 877 527 604 68.0
MIC [18] 90.8 67.1 89.2 545 40.5 57.2 620 684 763 61.8 870 71.3 494 89.7 757 86.8 89.1 569 63.0 70.4
CISS (ours) 92.0 69.6 89.2 57.3 40.5 558 67.1 673 753 59.7 864 70.0 47.5 889 73.1 77.5 87.0 55.6 61.7 69.6

of which have withheld annotations and thus serve as competitive
public UDA benchmarks. Finally, for models adapted to nighttime
segmentation on Dark Zurich, we use BDD100K-night [19], [20]
and ACDC-night [14] as target sets for generalization. BDD100K-
night consists of 87 nighttime images with accurate segmentation
labels and is a subset of the BDD100K segmentation dataset [20].
ACDC-night is the nighttime part of the test set of ACDC with 500
challenging nighttime images and has an associated specialized
public nighttime benchmark [14] based on its withheld ground-
truth labels.

4.2 Comparison to the State of the Art in UDA

A general note regarding certain state-of-the-art UDA methods
that we compare against is that MIC [18] is also built on top of
HRDA [16], as is the case with CISS. However, CISS and MIC
improve upon their common HRDA baseline along orthogonal
methodological directions. These facts imply that when the perfor-
mance of CISS is comparable with that of MIC, each of the two
methods has independently improved by a similar margin over
HRDA. Moreover, even slight performance gains of CISS over
MIC are significant, as they are achieved on top of the existing
improvement of MIC over HRDA, with the latter being the starting
point of CISS too.

4.2.1

We present the comparison of CISS to competing state-of-the-
art domain adaptation methods on the challenging daytime-to-
nighttime Cityscapes—Dark Zurich domain adaptation bench-
mark in Table 1. In particular, we compare CISS both to more
directly related SegFormer-based UDA methods and to weakly
supervised domain adaptation methods which additionally utilize
during training the cross-time-of-day correspondences which are
available in Dark Zurich. CISS outperforms all other methods and
sets the new state of the art for UDA on Cityscapes—>Dark Zurich,
with a mean IoU of 60.7%. More specifically, CISS improves by

Cityscapes— Dark Zurich

a substantial 4.8% over its baseline, HRDA. This improvement is
greater than the respective improvement of the previous state-of-
the-art method, MIC, over HRDA, rendering CISS better than MIC
overall. On top of that, CISS exhibits a more stable performance
across different classes than MIC, as CISS scores more than 10%
lower in class-level IoU than the respective top method for only
one class, whereas the same deficit occurs for four classes for MIC.
A further comparison of the models which are evaluated in Table 1
in a zero-shot generalization setting is presented in Sec. 4.3.

4.2.2 Cityscapes—ACDC

We present the comparison of CISS to competing state-of-the-art
UDA methods on Cityscapes—ACDC adaptation in Table 2. CISS
and MIC are the two best methods and consistently outperform
other methods in most classes, with MIC scoring slightly higher in
mean IoU than CISS. Moreover, both CISS and MIC consistently
outperform their common baseline, HRDA, in most classes: CISS
beats HRDA in 15/19 classes, while MIC beats HRDA in 16/19
classes. Our method achieves the best or second-best IoU in 13/19
individual classes, excelling in classes that are crucial for driving
perception, such as road, sidewalk, traffic light, person, and car.
In terms of pixel accuracy, which is another widely used metric
in semantic segmentation beyond mean IoU, CISS is the top-
performing method along with MIC on Cityscapes—ACDC, as the
two methods are on a par at 90.3%. Thus, CISS, which represents
an independent and orthogonal domain adaptation strategy to MIC,
improves upon the common HRDA baseline—which has a pixel
accuracy of 89.1%—equally significantly to MIC, in terms of both
mean IoU and pixel accuracy. Focusing on the methods that use
a DeepLabv2 architecture, CISS-DeepLabv2 has the top perfor-
mance among them, showing that the benefit of our novel feature
invariance loss is general across different UDA architectures.
Qualitative comparisons of CISS to its baseline, i.e.
HRDA [16], on Cityscapes—ACDC are presented in Fig. 3,
showing segmentation results on validation images of ACDC.
On the top nighttime image, our method successfully segments
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Fig. 3. Qualitative results on Cityscapes— ACDC. From left to right: ACDC image, ground-truth annotation, HRDA [16], and CISS. Best viewed

on a screen and zoomed in.

both the traffic signs and most of the sidewalk, whereas HRDA
mistakes one of the traffic signs for a traffic light and most of the
sidewalk for road, which would be detrimental for the safety of the
pedestrians standing on the sidewalk. On the nighttime image in
the second row, CISS accurately segments most of the sidewalk on
the right and also successfully segments part of the terrain, even
though the latter appears very dark. On the bottom rainy image,
HRDA incorrectly segments a green reflection of a traffic light on
the road as traffic light, while CISS correctly assigns this reflection
to road and also segments the sidewalk on the right much more
precisely.

4.3 Comparison for Zero-Shot Generalization

To further test the robustness and generality of CISS for condition-
level adaptation, we compare it in Tables 3 and 4 to state-of-the-
art domain adaptation methods on the challenging nighttime sets
of BDD100K-night and ACDC-night respectively, for zero-shot
generalization in night time. In particular, all compared models
are the same as those which have been evaluated in Table 1 and
they have been trained for adaptation from Cityscapes to Dark
Zurich [19]. These methods are evaluated here on BDD100K-
night (Table 3) and ACDC-night (Table 4), which they have not
seen at all during training. CISS outperforms all other methods
both on BDD100K-night and ACDC-night, achieving mean IoU
scores of 41.8% and 62.1% and setting the state of the art for UDA
methods from day time to night time on both of these benchmarks
at the time of submission. Note in particular that BDD100K-
night represents a highly differentiated domain from the original
target domain of Dark Zurich in this comparison, as the former
set has been recorded in North America while the latter set has
been recorded in central Europe. This differentiation makes the

examined setting all the more challenging and the top performance
of CISS in this setting is all the more significant as evidence for
the increased ability of our method to generalize across different
sets besides the original target-domain set.

Let us focus on the comparison between CISS and its most
direct competitors, HRDA and MIC, on these two generalization
experiments on BDD100K-night and ACDC-night (cf. the last
three rows of Tables 3 and 4), respectively. Recall that the fully-
fledged models of both MIC and CISS are implemented on top
of HRDA, so the latter is effectively the common baseline of the
two former. On BDD100K-night, we observe that MIC (39.6%
mean IoU) performs worse than the common baseline, HRDA
(40.2% mean IoU), in this generalization setting, even though the
examined MIC model outperforms the examined HRDA model
substantially on the original test set of Dark Zurich (cf. Table 1).
This evidences that MIC has fitted more tightly to the particular
target-domain set on which it has been trained, i.e. Dark Zurich,
than the HRDA baseline, which impairs the generalization of
MIC on BDD100K-night. By contrast, CISS (41.8% mean IoU)
outperforms significantly the common baseline, HRDA, in this
generalization experiment. That is, compared to their common
HRDA baseline, MIC performs worse while CISS performs signif-
icantly better. At the same time, on ACDC-night, which represents
a domain that is closer to the training-time target domain of Dark
Zurich than BDD100K-night—as ACDC and Dark Zurich have
been captured in the same geographic region, CISS (62.1% mean
IoU) still substantially outperforms HRDA (57.1% mean IoU).
CISS also outperforms MIC (61.7% mean IoU) on ACDC-night
and it achieves a more stable performance across all individual
classes than MIC, similarly to the respective finding we had in
Sec. 4.2.1. We thus draw the conclusion that our feature invariance
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TABLE 3
Comparison of state-of-the-art domain adaptation methods on zero-shot generalization to BDD100K-night. All methods are trained on
Cityscapes—Dark Zurich. Read as Table 1.
o 2 < — ) ° - = . g =] . - A - = S 2
@ > = o =) )
GCMA [49] 858 48.1 64.1 14 163 304 237 349 431 6.8 59 654 768 788 153 298 0.0 00 338 33.2
MGCDA [19] 839 458 741 04 170 304 236 338 421 108 499 657 659 797 103 265 00 00 3.7 34.9
DANNet [50]  74.1 399 683 26 6.1 213 106 306 363 134 518 560 187 666 176 30 00 00 038 27.2
DAFormer [37] 68.7 25.1 70.7 22 135 287 206 40.1 258 10.1 29.1 555 435 719 52 121 00 02 32 27.7
SePiCo [42] 873 483 80.2 33 122 379 20.1 514 476 205 655 67.6 67.1 837 299 463 00 00 19 40.6
HRDA [16] 848 49.6 77.0 45 269 357 217 473 354 123 604 669 276 814 531 652 0.0 00 139 402
MIC [18] 78.0 434 804 56 305 366 166 446 33.0 145 498 69.1 301 765 513 786 00 00 141 39.6
CISS (ours) 88.6 513 784 5.6 347 372 197 444 325 46,5 579 713 734 847 396 186 0.0 0.0 102 41.8
TABLE 4
Comparison of state-of-the-art domain adaptation methods on zero-shot generalization to ACDC-night. All methods are trained on
Cityscapes—Dark Zurich. Read as Table 1.
T §( = =z 8§ =2 = g % § = & = ¥ 5. = £ 3
Method § '.".é E g 8 s Eﬁ R go g Z é 2 g é 2 g é g mloU
GCMA [49] 78.6 459 585 17.7 18.6 375 43.6 435 587 392 224 579 299 721 215 562 41.8 357 354 429
MGCDA [19] 745 525 694 7.7 10.8 384 402 433 615 363 37.6 553 256 712 109 464 326 273 338 408
DANNet [50]  90.7 61.1 755 359 28.8 266 314 306 708 394 787 499 288 659 247 441 61.1 259 345 476
DAFormer [37] 91.5 619 67.7 309 150 44.6 433 40.0 552 414 446 541 319 747 9.1 448 833 38.1 450 483
HRDA [16] 875 48.1 776 432 232 51.1 532 502 541 358 556 632 404 80.7 63.5 81.8 80.6 460 495 57.1
MIC [18] 93.0 684 851 50.7 325 552 432 555 653 505 66.1 669 488 780 432 741 89.1 534 538 617
CISS (ours) 92.8 67.0 834 492 21.0 51.8 424 552 69.7 46.1 764 664 429 823 629 828 882 486 503 62.1
TABLE 5

Comparison of state-of-the-art unsupervised domain adaptation methods on Cityscapes—ACDC for rain. The first, second, third and
fourth groups of rows present methods trained externally on Cityscapes— Dark Zurich, DeepLabv2-based UDA methods, a DeepLabv3+-based
UDA method, and SegFormer-based UDA methods, respectively. Best result per column in bold, second-best underlined.

- E 5 = 0 ° - o o g = . o v £ g2
Method géggggéggggéggéggéémlw
GCMA [19] 81.1 480 848 250 373 498 665 662 92.1 43.5 97.6 545 204 855 47.3 346 713 403 567 580
MGCDA [19] 80.5 46.5 799 160 288 449 600 61.5 903 448 97.1 511 23.1 823 334 302 69.1 365 538 542
AdaptSegNet [1] 812 432 833 273 314 230 414 405 872 350 93.1 402 155 739 457 349 570 27.01 49.1 490
BDL [3] 79.1 39.0 828 300 34.5 28.1 40.1 473 87.0 287 91.8 40.6 178 746 463 367 604 332 463 497
CLAN [4] 775 400 468 249 303 28.1 377 483 838 370 6.6 457 174 797 437 429 637 350 461 440
CRST [7] 588 264 77.1 200 121 328 453 417 78.6 384 957 40.5 128 747 256 5.5 S18 237 109 40.6
FDA [15] 76.6 450 829 37.0 356 348 498 520 887 37.8 888 436 174 768 46.5 53.6 648 345 455 533
SIM [5] 766 29.6 857 204 287 213 374 342 873 348 940 294 166 732 461 223 462 218 39.3 445
MRNet [5] 70.5 99 465 356 361 365 564 562 902 413 43 530 235 816 393 267 578 436 545 454
DACS [V] 693 41.8 843 30.1 20.6 384 383 548 835 389 828 415 146 763 474 307 537 304 49.6 488
CISS-DeepLabv2 (ours) 78.6 434 849 402 387 374 489 569 883 342 925 449 169 810 530 507 672 299 418 542
MALL [56] 759 381 87.6 359 386 459 60.7 60.1 888 387 96.6 489 142 848 564 638 717 277 478 570
DAFormer [37] 731 467 922 559 405 549 656 649 931 408 89.8 585 20.6 86.1 63.5 664 830 466 534 629
SePiCo [42] 80.1 473 90.1 489 482 57.0 704 66.5 932 432 938 673 264 89.0 68.1 715 888 496 57.0 66.1
HRDA [16] 924 736 938 67.0 463 63.0 745 742 937 461 97.6 694 325 917 799 90.5 89.0 578 660 73.6
MIC [18] 90.6 69.7 93.9 61.0 47.5 629 753 751 937 483 982 720 314 927 784 931 899 617 654 737
CISS (ours) 92.5 747 948 703 495 612 748 745 940 479 982 705 378 921 750 89.8 880 592 661 74.3

loss enables CISS to learn more general features than both HRDA
and MIC under the large domain shift between day time and night
time, granting our model a better ability to generalize to target
nighttime sets that are unseen during training.

4.4 Comparison on Individual Conditions of ACDC

In this section, we provide a condition-specific comparison of
CISS to competing domain adaptation methods on the four adverse

conditions of ACDC. More specifically, in Tables 5, 6, 7, and 8, we
provide detailed class-level IoU results as well as mean IoU results
on the four condition-specific splits of the test set of ACDC, i.e. the
rain, night time, snow, and fog split respectively, for all methods
which have been presented in the comparison of Table 2 for the
entire test set of ACDC. For each of these methods, a single model
is trained using the entire training set of ACDC as the target set—
the same model which has been evaluated on the entire test set
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TABLE 6
Comparison of state-of-the-art unsupervised domain adaptation methods on Cityscapes— ACDC for night time. The first, second, third
and fourth groups of rows present methods trained externally on Cityscapes—Dark Zurich, DeepLabv2-based UDA methods, a
DeeplLabv3+-based UDA method, and SegFormer-based UDA methods, respectively. Best result per column in bold, second-best underlined.

el 2 E = 8 o = = o g g 5 A - = Q %
Method g é 3 g 5 g ED 2 g‘) g Z g B g j_,a) B g Z z mloU
= o, g kS
GCMA [49] 78.6 459 58.5 17.7 18.6 375 43.6 435 587 392 224 579 299 72.1 21.5 562 41.8 357 354 429
MGCDA [19] 745 525 694 7.7 108 384 40.2 433 615 363 37.6 553 256 712 109 464 32.6 273 33.8 408
DANNet [50] 90.7 61.1 755 359 28.8 266 314 306 708 394 787 499 288 659 247 44.1 61.1 259 345 47.6
AdaptSegNet [ 1] 849 399 66.8 172 17.7 134 17.6 164 39.6 16.1 57 428 214 448 119 13.0 39.1 275 284 29.7
BDL [3] 87.1 49.6 68.8 202 17.5 167 199 24.1 39.1 237 02 420 204 63.7 18.0 27.0 456 278 31.3 338
CLAN [4] 823 288 659 151 93 2211 16.1 265 392 234 04 459 254 63.6 9.5 242 398 315 31.1 31.6
CRST [7] 439 10.0 573 100 5.1 293 270 186 69 82 03 369 179 485 49 18 294 73 88 196
FDA [15] 82.7 394 570 147 7.6 26.1 37.8 30.5 532 14.0 153 48.0 28.8 62.6 26.6 475 51.5 27.0 350 37.1
SIM [5] 87.0 484 421 63 83 158 84 176 21.7 228 0.1 393 221 603 87 182 423 30.1 329 28.0
MRNet [8] 83.6 363 656 8.1 82 21.5 300 237 394 242 0.0 441 260 649 08 36 7.6 103 31.8 279
DACS [9] 84.8 525 648 175 16.0 30.5 25.1 339 384 107 2.7 407 212 639 164 36.6 454 195 234 339
CISS-DeepLabv2 (ours) 77.5 29.6 59.3 18.0 14.0 31.0 393 356 415 128 2.1 48.6 31.7 69.1 268 609 53.0 23.6 347 373
MALL [56] 789 268 622 253 199 323 32.6 314 499 279 135 473 19.6 610 192 354 56.0 29.7 314 369
DAFormer [37] 923 646 70.1 287 185 458 11.3 41.5 427 419 00 554 298 743 403 458 813 394 47.0 458
SePiCo [42] 89.9 56.8 75.6 353 284 495 247 50.1 434 445 48 61.1 341 773 620 529 79.5 412 483 50.5
HRDA [16] 87.2 469 79.1 462 18.0 514 41.0 485 41.8 467 0.0 632 369 81.0 652 777 83.6 460 49.0 53.1
MIC [18] 95.5 78.0 82.1 49.1 364 53.1 40.6 61.7 442 514 83 664 451 836 685 825 89.0 523 545 60.1
CISS (ours) 947 745 812 482 284 522 50.1 58.6 432 534 2.6 657 390 838 632 747 86.6 529 535 582
TABLE 7

Comparison of state-of-the-art unsupervised domain adaptation methods on Cityscapes—ACDC for snow. The first, second, third and
fourth groups of rows present methods trained externally on Cityscapes—Dark Zurich, DeepLabv2-based UDA methods, a DeepLabv3+-based
UDA method, and SegFormer-based UDA methods, respectively. Best result per column in bold.

T £ =2 = 8 o =2 g % § & § B ¥ 2z £ £ 3
Method e g E g E, g b %0 g:)n g ~ g = § = 3 E E g mloU
GCMA [49] 79.7 49.5 753 175 379 432 590 619 788 22 955 625 33.6 832 425 434 72.1 322 S51.1 537
MGCDA [19] 80.1 495 702 6.1 27.8 396 554 58.0 76.0 03 955 57.5 357 81.0 28.6 489 703 278 50.5 50.5
AdaptSegNet [1] 51.3 325 473 21.5 31.5 132 378 232 760 26 45 499 231 68.7 383 31.8 51.5 21.7 450 353
BDL [3] 423 364 60.2 157 304 151 414 304 713 1.7 112 468 278 57.7 38.6 34.1 592 28.1 437 364
CLAN [4] 71.8 26.0 373 125 27.0 21.1 320 41.1 785 19 09 509 239 824 432 395 61.6 252 394 377
CRST [7] 63.5 382 668 128 92 29.0 448 403 685 0.8 651 446 238 700 12 19.0 39.1 114 6.0 344
FDA [15] 74.6 309 56.1 205 34.8 28.7 539 478 80.5 1.1 559 53.1 379 79.7 405 519 674 343 418 469
SIM [5] 72.1 26.7 394 133 295 153 264 179 764 48 5.1 459 320 762 298 266 483 232 242 333
MRNet [8] 67.7 3.5 368 83 248 18.0 526 554 824 05 0.1 622 302 792 321 593 584 29.1 358 387
DACS [9] 524 137 777 142 247 332 403 506 788 0.8 342 51.7 222 750 308 30.6 584 19.8 439 39.6
CISS-DeepLabv2 (ours) 75.5 39.3 67.9 29.8 379 31.1 49.6 540 795 1.6 772 537 435 81.5 415 372 69.1 227 412 49.1
MALL [56] 78.2 409 788 19.1 36.6 39.7 609 51.6 809 6.8 905 54.8 28.1 829 403 58.6 684 134 466 514
DAFormer [37] 38.1 41.3 883 42.1 472 542 71.1 642 912 45 328 66.0 364 88.0 544 713 845 46.0 548 56.7
SePiCo [42] 40.5 337 87.1 292 500 57.6 76.1 66.1 904 42 428 719 415 893 664 69.7 88.6 372 57.8 579
HRDA [16] 82.5 455 904 553 499 589 777 719 913 6.0 962 79.6 628 920 73.8 73.1 904 520 70.7 69.5
MIC [18] 79.3 36.0 909 550 48.6 59.6 794 706 91.8 8.8 968 80.8 63.5 925 738 804 88.8 54.0 75.0 69.8
CISS (ours) 84.1 51.1 91.0 58.6 50.5 58.0 77.5 704 913 47 967 788 60.3 91.6 71.0 79.1 87.0 51.0 705 69.6

in Table 2—and is then evaluated separately on each condition.
Note that the models that are evaluated in this experiment are
generally different from those evaluated in Tables 1, 3, and 4,
as the latter set of models is rather trained with Dark Zurich
as the target set. Thus, the comparative performance for a pair
of methods may differ between the two settings. In addition, we
evaluate DANNet [50] and CuDA-Net [57], which are specifically
designed for night and fog respectively, so we only report the
results which have been originally presented by these works on
their respective condition of focus. Finally, we also compare with
MALL [56] on all four condition-specific splits; the reason we
have not included this method in the comparison on the entire

test set in Table 2 is that the authors do not present the result
on the entire test set in their paper and the respective model is
not publicly available, which would allow us to reproduce and
evaluate the predictions of MALL on the entire test set.

CISS performs favorably compared to other methods on all
four conditions of ACDC. In particular, among all methods our
method is ranked first on rain, second on night time and snow, and
third on fog.

CISS achieves the top rank on the rain benchmark of ACDC
among all published UDA methods' (cf. Table 5). The perfor-
mance of CISS on the rain test set of ACDC across the 19

1. https://acdc.vision.ee.ethz.ch/benchmarks#semanticSegmentation
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TABLE 8
Comparison of state-of-the-art unsupervised domain adaptation methods on Cityscapes—ACDC for fog. The first, second, third, fourth
and fifth groups of rows present methods trained externally on Cityscapes—Dark Zurich, a method trained externally on Cityscapes—Foggy

Zurich [

], DeeplLabv2-based UDA methods, a DeeplLabv3+-based UDA method, and SegFormer-based UDA methods, respectively. Best result

per column in bold, second-best underlined.

o - 8 o = = 5 E g 5 3 2 g £ 3

Method E 2 3 f 5 : 2 2 ¢ 5 % 0z % B E 2 E F g omw
Al a g 5
GCMA [49] 80.8 535 70.1 29.2 20.7 384 53.0 609 702 465 954 442 380 766 524 49.7 56.8 41.0 17.6 524
MGCDA [19] 717 473 657 182 153 344 48.6 599 649 247 954 448 23.8 733 36.1 454 639 239 154 459
CuDA-Net [57] 83.2 459 81.7 355 227 40.7 555 556 81.1 638 956 452 249 787 41.1 483 77.8 52.0 27.1 556
AdaptSegNet [1] 354 459 354 256 175 90 325 23.1 705 474 11.6 223 282 444 439 350 460 156 150 31.8
BDL [3] 369 37.8 47.0 282 21.6 13.7 372 345 672 494 276 29.1 513 585 494 51.8 303 214 225 377
CLAN [4] 488 413 296 272 210 16.1 41.1 39.6 67.7 502 154 362 308 722 522 544 472 27.1 226 39.0
CRST [7] 59.7 29.6 709 11.3 114 299 414 386 61.7 316 966 360 79 624 197 46 494 90 76 358
FDA [15] 68.8 373 27.1 27.6 198 21.6 375 433 749 437 33.1 350 21.5 657 44.6 453 47.1 415 158 395
SIM [5] 76.7 43.1 235 23.6 179 109 321 153 704 505 214 348 443 584 50.5 552 347 230 88 36.6
MRNet [8] 78.6 26.1 19.6 29.0 13.5 120 419 490 782 590 6.6 39.8 26.1 725 448 379 59.6 19.1 24.1 38.8
DACS [9] 349 518 79.0 228 24.8 229 20.0 46.6 50.5 508 19.7 382 259 695 44.1 485 299 28.8 16.0 38.1
CISS-DeepLabv2 (ours) 51.7 36.9 534 29.6 22.1 253 413 492 758 308 61.6 362 34.6 673 445 29.7 52.6 387 19.0 42.1
MALL [56] 63.7 543 79.8 348 274 379 49.1 526 749 596 929 402 39.0 754 53.0 364 764 268 215 524
DAFormer [37] 389 424 86.8 52.5 268 46.7 456 573 864 647 565 37.6 533 762 608 324 64.0 52.1 29.6 532
SePiCo [42] 42.6 515 876 512 31.2 524 510 59.0 853 659 613 514 622 780 645 423 835 580 32.6 585
HRDA [16] 93.0 73.5 89.1 564 273 512 622 69.5 865 703 98.0 534 619 856 77.1 88.3 849 641 366 69.9
MIC [18] 945 78.6 89.5 554 278 51.7 609 657 87.8 753 98.1 554 62.0 86.6 756 92.1 89.2 62.8 42.6 71.1
CISS (ours) 94.1 76.2 89.8 55.1 29.6 503 614 654 87.0 72.0 979 552 629 837 759 60.6 83.0 62.1 42.6 68.7
individual classes is consistently excellent, as it is ranked first TABLE 9

in 9/19 classes and second in 6/19 classes. Three out of the four
remaining classes, i.e. truck, bus, and train, are classes with large
instances which only appear rarely in the scenes of ACDC [14]
and may thus have large variance in their respective IoU scores.

CISS and MIC dominate the challenging nighttime benchmark
of ACDC (cf. Table 6), scoring 5.1% and 7.0% higher on mean
IoU respectively than their common baseline, HRDA, which is
the third-best method. CISS is ranked first or second among all
methods in 14/19 classes and is slightly outperformed by MIC in
mean IoU by 1.9%. Note that CISS is nonetheless better than MIC
on multiple classes, notably on hard ones at night time such as
traffic light (by 9.5%) and car. Both of these classes are central
for autonomous car perception and undergo a large and thus
challenging shift in appearance from the source daytime domain
to the target nighttime domain, which involves the activation
(car) or relative intensification (traffic light) of light sources and
makes these classes harder to distinguish from each other and
from other objects with lights at night time, such as buildings
and street lights. Another interesting finding of this nighttime
evaluation is that although CISS and MIC are overall the top-
performing methods, they are both outperformed substantially on
vegetation and sky by methods trained specifically on nighttime
sets and using weak supervision in the form of cross-time-of-
day correspondences [19], [49], [50]. Vegetation and sky are
usually adjacent in ACDC and they both appear very dark in
nighttime images, which makes them hard to distinguish from one
another at night time and apparently still presents a challenge for
completely unsupervised domain adaptation methods trained on
Cityscapes—ACDC which needs to be addressed in future work.

CISS is ranked second among all methods on the snowy
test set of ACDC (cf. Table 7), being marginally outperformed
by MIC in mean IoU (by 0.2%). However, CISS is the top-
performing method on the highly challenging classes of both road

Ablation study of CISS on Cityscapes— ACDC. Evaluation is
performed on the validation set of ACDC. “CE”: cross-entropy loss,
“Inv”: feature invariance loss, “orig”: original images from respective

domain, “stylized”: images from respective domain stylized with FDA.
Mean and standard deviation across three runs are reported.

Source Target mloU
CE orig CE stylized Inv  CE orig CE stylized Inv
1 v v 64.1+£2.0
2 v v 65.7x1.1
3 v v v 65.1£0.7
4 v v v 66.6+0.8
5 v v v 66.910.5
6 v v v v 65.7+1.2
7 v v v v v v’ 68.0+0.8
8 (CISS) v v v v 682104

and sidewalk, which are hardest to segment in snow compared to
other adverse conditions [14] due to snow cover on the ground.
In particular, CISS outperforms MIC by 4.8% on road and by
a substantial 15.1% on sidewalk, with MIC even falling behind
HRDA in these classes.

Finally, although CISS is ranked third in mean IoU on the
fog benchmark of ACDC (cf. Table 8) behind MIC and HRDA,
the three methods are comparable with regard to class-level IoU
scores. In particular, CISS outperforms HRDA on 9/19 classes
and MIC on 6/19 classes, and it is ranked first or second among
all methods in 11/19 classes. The higher mean IoU scores of
HRDA and MIC compared to CISS are primarily due to the large
difference between the IoUs of the two former methods and that
of CISS on bus, which is a very rare class in ACDC [14].
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TABLE 10
Hyperparameter study of the weights of our feature invariance
losses on Cityscapes—ACDC. Evaluation is performed on the
validation set of ACDC. Mean and standard deviation of mean loU
across three runs are reported.

As 50 100 200 500 1000
CISS-source 65.8+1.6 65.6+0.8 66.6+0.8 657409 65.940.5
At 20 50 100 200 500
CISS-target  66.7+0.6  66.6+1.6  66.9+0.5 66.1£0.7 65.2£0.6

4.5 Analysis and Ablation Studies
4.5.1 Ablation of Feature Invariance Losses

In Table 9, we conduct an ablation study of our method w.r.t. the
various loss terms that are included in our overall loss Lcyss in (9)
and the alternative loss terms that are included in the baseline
formulations of (2), (6), and (7). Our goal is to demonstrate
the benefit of applying our feature invariance loss compared to
merely using cross entropy losses on original images as well as
to additionally applying cross entropy losses on stylized images,
and this both for source-domain and target-domain images. The
basic UDA formulation of (2), i.e., plain HRDA, corresponds to
row 1. Switching to the FDA loss of (6) in row 2, i.e., pixel-
level adaptation, improves upon the basic formulation. However,
applying cross-entropy loss both for the original source images
and their stylized versions (row 3), in the direction of (7), does not
provide any gain over the FDA loss, evidencing that simultaneous
output supervision on different views of images alone is not
sufficient for aligning their features. On the contrary, applying
the feature invariance loss on the source domain alone (row 4)
improves upon the FDA setting of row 2, showing the utility of
feature-level adaptation achieved with CISS on top of the pixel-
level adaptation with FDA. In addition, the feature invariance
loss applied solely on the target domain (row 5) also improves
significantly upon the basic UDA setup of row 1. While using
stylized target images for applying an additional cross-entropy
loss on the target domain hurts performance (cf. rows 4 and
6), combining the two feature invariance losses from the source
and the target domain in the complete formulation of CISS (9)
(row 8) improves further compared to applying each of the two
losses alone (rows 4 and 5), showing that the two losses synergize
and achieve the best result when applied jointly. In order to
further evidence the sufficiency of our feature invariance loss
for feature alignment, we additionally evaluate in row 7 a model
including all three examined losses, i.e. (i) cross-entropy loss on
the original images and (ii) on the stylized images as well as (iii)
our feature invariance loss, both for the source domain and for the
target domain. Compared to our proposed CISS formulation, this
model additionally includes cross-entropy losses on the outputs
corresponding to the stylized images, however, this inclusion does
not provide extra benefit in terms of performance, as our feature
invariance loss represents a stronger constraint, applied already at
the internal features of the network and explicitly aligning such
features across domains.

4.5.2 Effect of Weights of Feature Invariance Losses

We examine the influence of the value of the two hyperparameters
of CISS, i.e., the weights A and \; of the two feature invariance
losses, on performance in Table 10. In particular, we consider

Mean loU (%)
70 T T T

58 8
56 =
54 =i
52 ’mm‘—
——— Invariance cn predictions
L Il

50 L I L L L L I L L L I L L
0 0.0010.002 0.005 0.01 0.02 005 0.1 02 05 1 2 5 50 100 200 500 1000

1
10 20

Fig. 4. Ablation of the point in the network where invariance is ap-
plied on Cityscapes—ACDC. Evaluation is performed on the validation
set of ACDC. The z-axis is logarithmic and shows the weight A of
the feature invariance loss, which is applied here only on the source
domain. Averages and standard deviations are plotted over three runs
for each configuration. The two plotted lines share their leftmost point,
which corresponds to As = 0, i.e., not applying an invariance loss at all.

Mean loU (%)
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56 - L1 norm for invariance
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Fig. 5. Ablation of the norm which is used in the feature invariance
loss on Cityscapes—ACDC. Evaluation is performed on the validation
set of ACDC. The z-axis is logarithmic and shows the weight X\ of the
feature invariance loss, which is applied here only on the source domain.
Averages and standard deviations are plotted over three runs for each
configuration. Results with the proposed, squared Frobenius norm are
plotted in blue and those with the alternative, L1 norm are plotted in red.
The two plotted lines share their leftmost point, which corresponds to
As = 0, i.e., not applying an invariance loss at all.

the ablated versions of CISS in which either of the two feature
invariance losses is included, the source one (CISS-source) or
the target one (CISS-target), and vary the respective weight. The
best performance is obtained at Ay = 200 for CISS-source and
at Ay = 100 for CISS-target. However, note that performance
degrades gracefully as we move away from these values, implying
that our method is fairly insensitive to the exact values of these
hyperparameters.

4.5.3 Benefit of Internal Feature Invariance Loss Versus
Output Invariance Loss

We justify the choice of applying feature invariance to the encoder
outputs, i.e., the internal features of the network, via the experi-
ment of Fig. 4. The result shown in Fig. 4 verifies our intuition that
invariance on internal features works better than on network out-
puts. In particular, using the invariance loss in the source domain,
its application to internal features can improve significantly upon
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Fig. 6. Evolution and convergence of training losses on

Cityscapes—Dark Zurich. Loss evaluation is performed on training
samples from the training sets of Cityscapes and Dark Zurich. In (a),
the curves for the two cross-entropy losses (one on the source domain
and the other on the target domain) of the baseline, HRDA-equivalent
model from (2) are shown in blue and red, to provide broader context. In
(b), we show the training loss curves for our proposed CISS model from
(9), both for the two aforementioned cross-entropy losses (in blue and
red) and additionally for the two feature invariance losses Liy, (in yellow
and purple) which are involved in our training.

not using the invariance loss at all when the respective weight
s is tuned properly, while its application to network outputs, i.e.
predictions, invariably deteriorates performance compared to not
enforcing invariance at all.

4.5.4 Study of Norm Used in Feature Invariance Loss

The default formulation of our novel feature invariance loss in the
framework of CISS in (8) involves the squared Frobenius norm of
the difference between the feature tensors associated with different
views. The rationale of applying this Lo-like loss, as opposed to
robust losses such as Ly or Huber, is that we aim at assigning a
larger penalty to very large deviations in corresponding internal
features, even when such deviations only occur at few spatial
locations. In other words, we aim to impose feature invariance
everywhere in the input images, which is achieved better with
the proposed Frobenius norm of (8). Sparse large deviations in
the two corresponding feature maps, which result from robust
losses such as L7 or Huber, are not desirable, as invariance
should hold globally. More formally, an alternative, Li-norm-
based formulation of our feature invariance loss is

1 D M N
= S o 2 2 NG dmn — (ST amnl - (10)

We compare this L1-based instantiation of the feature invariance
loss to the proposed squared Frobenius instantiation of (8) in
Fig. 5, by considering the ablated CISS-source version of our
method for simplicity. In particular, we train both variants—the
one based on (8) and the one based on (10)—for varying values
of the loss weight A;. We observe that our proposed squared
Frobenius norm achieves better peak performance overall and is
more robust to the precise choice of the loss weight A4 than the
L1 norm. Still, the L;-based feature invariance loss from (10)
also improves over the baseline from (2), which does not use an
invariance loss at all (leftmost data point in Fig. 5), across a wide
range of values of ), i.e. for As € [1,100]. This implies that even
though CISS works best when using our proposed squared Frobe-
nius norm for penalizing differences between internal features, it
is not strictly specific to this formulation and it works decently
well with other instantiations of the feature invariance loss too.

4.5.5 Convergence of Feature Invariance Losses

Although our proposed optimization objective in (9) encourages
the minimization of deviations between internal features of dif-
ferent views of the same scene via our feature invariance loss,
it is necessary to examine to what extent such deviations are
actually minimized towards the end of the training process as
well as whether and how this minimization affects the concurrent
minimization of the basic, cross-entropy losses for semantic seg-
mentation which are also involved in (9). We perform this analysis
in Fig. 6, in which we examine the evolution of the above training
losses in the Cityscapes—Dark Zurich setting. First, we observe
that the two basic cross-entropy losses on the source domain and
the target domain evolve in a very similar way both in the case
where no feature invariance loss is applied (Fig. 6a) and in the case
where our fully-fledged CISS framework with feature invariance
losses is used (Fig. 6b). This evidences the harmlessness of our
feature invariance loss for the simultaneous optimization of the
main semantic segmentation objectives in the examined domain
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TABLE 11
Comparison of CISS using different stylization techniques for
applying feature invariance loss in the target domain for
Cityscapes—ACDC adaptation. Evaluation is performed on the
validation set of ACDC. We compare the default FDA [15] stylization,
the stylization using the method by Reinhard et al. [17], and the simple
color jitter augmentation which is detailed in Sec. 4.1. Mean and
standard deviation across three runs are reported.

Invariance Loss Mean IoU (%)
None 64.1£2.0
With FDA stylization (A\¢ = 100) 66.91+0.5
With Reinhard stylization (A; = 2) 66.71+0.7
With color jitter augmentation (A = 50)  67.3£1.0

adaptation setting. What is more, we observe in Fig. 6b that
our feature invariance losses in CISS both for the source domain
(yellow) and the target domain (purple) converge very well to 0,
implying that the goal of feature invariance across the source and
target domain is achieved effectively with CISS.

4.5.6 Generality of CISS with Respect to Stylization
Method

We test CISS in Table 11 with the color transfer technique in [17]
as well as with simple color jitter augmentation for stylizing resp.
augmenting the input images, in order to verify the generality of
CISS with regard to the stylization or augmentation method g
from (3) and (4) that is used for imposing feature invariance. In
particular, we consider the case where feature invariance is applied
in the target domain and test CISS (i) with the default FDA styl-
ization, (ii) with [17], and (iii) with color jitter augmentation on
the target-domain images, setting the optimal weight \; separately
for each variant. CISS improves significantly in all cases upon the
baseline that does not use any feature invariance and it achieves
similar performance with all three stylization/augmentation meth-
ods, which evidences the generality of CISS with regard to the
method that it employs for altering the appearance/style of the
input images. In particular, for the color jitter augmentation case,
CISS even performs slightly better than with FDA, indicating that
CISS is indeed not specific to or reliant on FDA.

5 CONCLUSION

We have presented CISS, a UDA method for semantic segmen-
tation tailored for condition-level domain shifts. Our method
promotes invariance of the internal features that are extracted by
the semantic segmentation network to visual conditions, which
are modeled through the style of the input, by penalizing the
difference between features of the same image when the latter
is rendered in the styles of the source and the target domain.
We have performed a thorough experimental evaluation of CISS
and showed that it excels on normal-to-adverse condition-level
adaptation from Cityscapes to Dark Zurich and from Cityscapes
to ACDC. Our model which has been adapted from Cityscapes
to Dark Zurich generalizes much better to other unseen night-
time domains, such as BDD100K-night and ACDC-night, than
competing state-of-the-art models, demonstrating that condition
invariance makes models trained with CISS more robust to diverse
inputs. Last but not least, we have shown that the novel feature-
level alignment performed by CISS on internal features works (i)
much better than output-level alignment, and (ii) irrespective of
the particular stylization method that CISS employs.
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