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Abstract

Due to the scarcity of dense pixel-level semantic an-
notations for images recorded in adverse visual condi-
tions, there has been a keen interest in unsupervised do-
main adaptation (UDA) for the semantic segmentation of
such images. UDA adapts models trained on normal con-
ditions to the target adverse-condition domains. Mean-
while, multiple datasets with driving scenes provide corre-
sponding images of the same scenes across multiple condi-
tions, which can serve as a form of weak supervision for
domain adaptation. We propose Refign, a generic exten-
sion to self-training-based UDA methods which leverages
these cross-domain correspondences. Refign consists of two
steps: (1) aligning the normal-condition image to the cor-
responding adverse-condition image using an uncertainty-
aware dense matching network, and (2) refining the ad-
verse prediction with the normal prediction using an adap-
tive label correction mechanism. We design custom mod-
ules to streamline both steps and set the new state of the
art for domain-adaptive semantic segmentation on several
adverse-condition benchmarks, including ACDC and Dark
Zurich. The approach introduces no extra training pa-
rameters, minimal computational overhead—during train-
ing only—and can be used as a drop-in extension to improve
any given self-training-based UDA method. Code is avail-
able at https://github.com/brdav/refign.

1. Introduction

Semantic segmentation is arguably one of the most im-
portant tasks for scene understanding. Accurate and reliable
pixel-level semantics are required for fully autonomous ve-
hicle systems. In such safety-critical applications, robust-
ness of the segmentation model to adverse visual condi-
tions is pivotal. Since state-of-the-art semantic segmen-
tation models are typically trained on clear-weather do-
mains [6], where detailed pixel-level annotations are avail-
able, they have proven to be frail [19, 41] with respect to
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Figure 1. By leveraging a reference image depicting a similar
scene as the target, Refign improves target predictions in two steps:
(1) The reference predictions are spatially aligned with the target.
(2) The target predictions are refined via adaptive label correction.

changes in image quality, illumination, or weather. Accord-
ingly, a large body of research has focused on unsupervised
domain adaptation (UDA) to adapt these models to different
domains in which no labels are available [14,39,57,59,70].

In this paper, we propose an extension to UDA ap-
proaches, which leverages additional reference—or normal-
condition—images to improve the predictions of the target-
domain images (see Fig. 1). The reference image depicts
the same scene as the target image, albeit from a differ-
ent viewpoint and under favorable conditions (daytime and
clear weather). For driving datasets, such image pairs can
be collected with minimal extra effort by capturing the same
route twice and matching frames via GPS. In recent years, a
number of driving datasets have followed this procedure,
e.g. RobotCar [31], Dark Zurich [42], ACDC [41], and
Boreas [4]. When adapting a semantic segmentation model
from a normal-condition dataset (e.g. Cityscapes [6]) to ad-
verse conditions, the reference frames represent an interme-
diate domain. While they overlap with the target frames in
terms of sensor and region characteristics, they share source
domain weather and time of day. This can bolster the do-
main adaptation process by providing complementary, more
easily learnable information, even if reference and target
images might differ slightly in semantic content.

Current state-of-the-art UDA approaches [15,66,75] rely
on self-training [71], where the network is trained with its
own target domain predictions as self-supervision. The
surprising effectiveness of self-training can be largely at-
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tributed to clever regularization strategies [62], in the ab-
sence of which it suffers from confirmation bias. These reg-
ularization strategies aim at correctly propagating available
true labels to neighboring unlabeled samples in an iterative
fashion. A critical issue in this procedure is the error prop-
agation of noisy labels, leading to a drift in pseudo-labels if
unmitigated. It has been shown that large neural networks
easily overfit to label noise, which deteriorates their gen-
eralization performance [1, 74]. Our method ameliorates
this error propagation issue by incorporating the predictions
of two separate views to reason about the labels of a given
scene. Broadly speaking, it could thus be considered an in-
stance of Multi-View Learning [69]. More specifically, we
consider the target prediction as a noisy label to be modi-
fied by the complementary reference class-wise probabili-
ties, posing the fusion process as self-label correction [60].
Echoing recent advances in that field, we design an adap-
tive label refinement mechanism, which allows the learner
to ignore or revise noisy labels.

Considering that semantic segmentation requires pre-
cise, pixel-level predictions, we hypothesize that the
reference-target label fusion benefits greatly from spatial
alignment of the two frames. Thus, in a preliminary step
to refinement, we warp the reference prediction to align
it with the target. In anticipation that such alignment is
imperfect—due to dynamic objects, occlusions, and warp
inaccuracies—we jointly estimate a confidence for each
warped pixel, which serves as guidance in the downstream
refinement. To streamline this process, we design a prob-
abilistic extension to the geometric matching framework
WarpC [55], and show its effectiveness in terms of accuracy
and uncertainty awareness.

Altogether, Refign consists of the alignment module and
the refinement module. Both modules introduce limited
computational overhead during training and are shown to
boost the performance of baseline UDA methods signif-
icantly. When added on top of DAFormer [15], Refign
achieves 65.6% and 56.2% mloU for semantic segmenta-
tion on ACDC and Dark Zurich respectively, setting the new
state of the art on these adverse-condition benchmarks.

2. Related Work

Adaptation to Adverse Domains. Several works on do-
main adaptation for semantic segmentation have been de-
veloped with the synthetic-to-real adaptation setting in
mind, focusing on adversarial alignment of the source and
target domains [13, 14, 29, 43, 57-59, 61, 76], self-training
with pseudo-labels in the target domain [80, 81], and com-
bining self-training with adversarial adaptation [25] or with
pixel-level adaptation via explicit transforms from source
to target [20, 70]. Significantly fewer methods have been
presented for adaptation from normal to adverse domains,
which is highly relevant for practical scenarios such as au-

tomated driving, in which the perception system needs to
be robust to unfavorable conditions such as fog, night, rain,
and snow. Generating partially synthetic data with simu-
lated adverse weather from clear-weather counterparts has
proven to improve performance on real adverse-condition
sets featuring fog [40] and rain [52]. Sequences of domains
of progressively increasing adversity have been leveraged
in [7,39, 65] via curriculum-based schemes. Light-weight
input adapters [34] and adversarial style transfer [37, 48]
are proposed as a generic pre-processing step at test time
before predicting with source-domain models. Shared char-
acteristics between different domains, such as sensor and
time of day [9] or visibility [23], are leveraged to learn
consistent representations across different datasets. The re-
cent introduction of adverse-condition semantic segmenta-
tion datasets with image-level cross-condition correspon-
dences, such as Dark Zurich [38] and ACDC [41], has en-
abled the development of approaches which leverage these
correspondences as weak supervision for adapting to ad-
verse conditions. Sparse, pixel-level correspondences are
used in [22] to enforce consistency of the predictions across
different conditions. DANIA [64] warps daytime predic-
tions into the nighttime image viewpoint and applies a con-
sistency loss for static classes only. Closely related to our
work, MGCDA [42] fuses cross-time-of-day predictions af-
ter two-view-geometry-based alignment. Differently from
their work, we directly warp the two corresponding images
with an uncertainty-aware dense matching network. The
warp uncertainty provides guidance for the downstream fu-
sion, which enables more nuanced refinement, even incor-
porating dynamic objects. Finally, while most of the afore-
mentioned approaches are tailored to specific conditions,
our method can address arbitrary adverse conditions.

Dense Geometric Matching. Dense correspondence esti-
mation aims at finding pixel-wise matches relating a pair
of images. Approaches such as [24, 32, 36, 56] predict a
4D correlation volume, from which the dense correspon-
dences are extracted as the argmax of the matching scores.
Our matching network instead follows a recent line of
works [18, 32,45, 53-55] which directly regress the dense
flow field or correspondence map. DGC-Net [32] employs
a coarse-to-fine approach where a global cost volume is
constructed at the coarsest scale to handle large motions.
However, it can only handle input images of a fixed, low
resolution, which significantly impacts the accuracy of the
predicted flow. To circumvent this issue, GLU-Net [53] in-
tegrates both local and global correlation layers. RANSAC-
Flow [45] is based on a two-stage refinement strategy, first
estimating homographies relating the pair and then refining
them by a predicted residual flow. COTR [18] relies on a
transformer-based architecture to perform matching. Simi-
larly to us, PDC-Net [54] adopts a probabilistic framework
to regress both the flow and its uncertainty. Differently from



Figure 2. Generic self-training for UDA, complemented by the

proposed Re gn (gray-shaded area). Re gn leverages an addi- 12

tional reference image to improve target pseudo-labels with two
modules. The\LIGN module is a pre-trained dense matching net-
work (Sec. 3.1) which (1) warps the reference prediction to align
it with the target Q% ) and (2) estimates a con dence map of the
warp Pr). The REFINE module (Sec. 3.2) combines the above
quantities to improve the target pseudo-labéisfor self-training.
Only solid arrows backpropagate gradients.

Algorithm 1. Generic UDA self-training, complemented with Re-
gn (shaded in gray).
Require: SamplesDs, D1, Dg, initialized networkf , pretrained
alignment moduleLIGN
1 fori =0 toN do
update/initialize teacher netwofleya
sample(ls; Ys) fromDg, It fromDy , andlg fromDg

¥s f(s)

2:
3:

4:
5. if RAND(0; 1) < 0:5then /I Adapt toT
6 Qr  fema (I7) andQr  fema (IR)
7 Q& ;Pr ALIGN(QR ;IR ;IT) Il WarpQRr
8: QL REFINE(QT ; Q& ;Pr) /I Eq. 6
o Yt PSEUDA QY ) I e.g with argmax
10: ? T f (| T )
L I=L(Ys:Ys)+ L(Y1:Yr)

else /I Adapt toR
13: Yr PSEUqu EMA (| R ))
14: ‘? R f (| R )
5 1= L(fsiYs)+ L(¥riYR)
16: end if
17z apply gradient descent towith r |
18: end for

our work, it requires sparse ground-truth matches obtainedsjon to self-training-based UDA methods, leveraging the

through structure from motion (SfM) for training. Instead,

additional reference image. Underpinning Re gn is the hy-

we present a probabilistic extension of the warp consistencypothesis thaR can serve as an intermediate domain be-

framework [55], which leverages both synthetic ow and
real image pairs and requires no training annotations.

Label Correction. Label correction (LC) approaches aim
to improve learning from noisy labels by modifying the
one-hot labelse.g through convex combinations with pre-

tweenS andT . Itis a well-established fact that intermedi-
ate domains can bolster UDA [10, 11, 39]. In our case, we
hypothesize that the higher-quality predictionsfRocan be
used to guide self-training ih .

Fig. 2 shows a generic self-training UDA setup, with our

dicted distributions. Response-based knowledge distillationRe gn module shaded in gray. In each training iteration,

(KD) [12] methods are a prominent example for LC. While
the correction is initiated by a separate teacher model in KD,
Self-LC methods [35, 47, 49, 60, 73] rely on the learner it-
self to correct erroneous labels. Similarly to our method,
multiple works have used Self-LC to improve self-training
for domain-adaptive semantic segmentation [75,78,79]. In
contrast to these works, our method uses complementary in
formation gained from two differemviewsof the same scene

to correct the labels.

3. Regn

Given labeled images from a source dom&n(e.g
Cityscapes [6]), and unlabeled, corresponding pairs of im-
ages from a target domain (e.g adverse-condition images
of ACDC [41]) and a reference domaiRR (e.g normal-
condition images of ACDC), we aim to learn a model which

the modef is trained both with the source ground-truth la-
belsYs and the target pseudo-labads. Most state-of-the-
art UDA approaches [15, 16, 66] generate the pseudo-labels
with a Mean Teacher [50]f Ema ), using the exponen-
tial moving average (EMA) weights df . This increases
pseudo-label accuracy and mitigates con rmation bias [50].
As depicted in Fig. 2 and summarized in Alg. 1, Re gn in-
troduces two additional steps at training time to improve the
pseudo-labels: (1) A pre-trained alignment module (Line 7)
computes the ow from target to reference image and warps
the reference prediction accordingly. The alignment mod-
ule also estimates a pixel-wise warp con dence nigp.

(2) A non-parametric re nement module (Line 8) fuses the
target and warped reference predictions—udgtagfor the
fusion weights—to produce re ned target predictions. The
target predictions are subsequently converted to pseudo-
labels according to the base UDA method (Lineedg

predicts semantic segmentation maps for target-domain im-throughargmax and con dence weighting if Re gn is built
ages. Ground-truth semantic segmentation labels are onlyon DACS [51]). Since Re gn hinges on high-quality refer-

available for the source-domain images during training. The

ence predictions, we adapt to R in every second training

reference image is assumed to depict the same scene as tligration via the employed UDA base method (Lines 12-15,

target image, but from a different viewpoint and under bet-
ter visual conditions.
Our method—Re gn—is a framework-agnostic exten-

omitted in Fig. 2).
Re gn does not introduce any additional training pa-
rameters, since the alignment module is pre-trained and



frozen, and the re nement module is non-parametric. Con-
sequently, the memory and computation overhead during
training is minor since no additional backpropagation is re-

quired. During inference, Re gn is removed altogether. We

describe the main two components of Re gn—the align-

ment and re nement modules—in more detail in Sec. 3.1

and Sec. 3.2 respectively.

3.1. Alignment

Exact spatial alignment of the target and reference im-
ages is a crucial preliminary step for precise, pixel-wise
semantic label re nement. Our alignment module warps
the reference image to align it with the target and esti-
mates a con dence map of the warp, which is an impor-
tant asset to guide the downstream label re nement. To
ful Il these requirements, we extend the warp consistency
(WarpC) framework of [55] with uncertainty prediction.

WarpC. We rst recap WarpC, referring to the original
work [55] for a more in-depth discussion. Given two im-
agesl;J 2 RM Y 3 depicting a similar scene, the goal
is to nd a dense displacement eld; ; 2 R" W 2
relating pixels inJ to 1. WarpC exploits the consistency
graph shown in Fig. 3 to train the ow estimatdr.is aug-
mented heavily—e.g through a randomly sampled homog-
raphy—to yieldl°. The synthetic augmentation wawjd
subsequently supervises two objectives: (1) the direct esti-
mateF o | of the ow Fo |,

Lio 1= Fioy W 1)
and (2) estimation of the composite ofvo ;, | formed
by chainingF o ; andF; :

Lioo g1 1 Vo B+ £ J('e;n ) W

2
Vo Fioogr

w
2

£(T) de nes the warp ofT by the ow F andV 2
f0;1g" W is the estimated visibility mask/ aims to mask
out all pixels inl ®which have no correspondencedrdue
to occlusion, image boundargtc We estimateV anal-
ogously to [55] based on the Cauchy—Schwarz inequality
(see appendix, Sec. B.1). The two loss terms in (1) and
(2) complement each othet:;o, | promotes convergence
and favors smooth solutions, whilgo, 51 | learns realis-
tic motion patterns and appearance changes. The overal
network is trained vid aign = Lo | + Ljo 31 |, where

is a weighting term balancing the individual losses.
UAWarpC. Our extension, Uncertainty-Aware WarpC
(UAWarpC) adds predictive uncertainty estimation [33]
to WarpC. We model the ow conditioned on the

Figure 3. Warp consistency
graph of [55]. Synthetic warp
W supervises two ows: (1) the
direct ow 191 [, and (2) the
composite owlI® ! J 1 |.
We propose a probabilistic
extension to [55] by predicting
parameterized ow distributions
(shownas ).

corrupted with additive Gaussian noise. Note that a differ-
ent Gaussian is predicted for each pixel. To accommodate
andy ow directions, the distributions are bivariate. We as-
sume for simplicity that the variance is equal in both direc-
tions. Thus, the network is trained to output médn 2 R2
and log-variancéog " 2 R at each spatial locatiof .
Gaussianity allows to easily incorporate the composite
ow Fjo 3 | into this probabilistic framework. Assum-
ing thatF,oq ; andF;, | are conditionally independent
given the images, we can infathatp(F o 3, 1jl;J;19 =
N (F|0! J1 |;|e|0! MR A|0! J1 |) is another Gaussian.
Analogously to the composite ow mean in (2), the com-
posite ow variance is calculated through warping.

3

We follow the principle of maximum log-likelihood estima-
tion to train our model (derivation in appendix, Sec. A).

logp(W jI; 19

Lio | +log "o |

A _ A A
o gr = go gt ﬁIO!J( )

prob _
1o =

/

L
(4)

N
1001

2

The formulation fori®,, | is obtained simply by replac-

ing the subscripts. Although the negative log-likelihood of
a Gaussian corresponds to the squared error loss, in practice
we use a Huber loss [17] in (1) and (2) to increase robust-
ness to outliers.
Alignment for Label Re nement. The alignment mod-
ule is trained separately on the large-scale MegaDepth [26]
dataset and it is subsequently frozen during self-training
of the segmentation network. During self-training, it esti-
mates the owF,,, |, and accordingly warps the refer-
ence class-wise probability m&pg 2 R" Y ¢, yielding
Q& (see Fig. 2). In addition, it estimates a warp con dence
mapPr 2 [0;1]" Y. To obtainPg from our probabilistic
model, we compute the probability of the true dw, |,
!)eing within a radiug of the estimated owﬁm g, s
in [54] (derivation in appendix, Sec. A).

r2
200 1,

®)

Pr = p(KFir1 1, Firiigk 1)=1

exp

image inputsl, J via a Gaussianp(F; jl;J)
N (Fy 1:F5 1375 1), implying that the predicted ow is

1The sum of independent normally distributed random variables is nor-
mally distributed with mean/var. being the sum of the means/vars.



We setr = 1. The elements dPr corresponding to invalid  drift towards large classes, we restrict the aggressive mixing

warp regions are set to zero. both spatiallyandacross channelgia a binary masiv 2

f0;1g" W ¢ with elementsm’® . We de ne A as the set

of large static classer = argmax.Qr as the target

The re nement module aims to improve target class-wise predictions, an@r as the reference predictions.

probabilitiesQt using the aligned reference class probabil- ) .

itiesQ& and the matching con dence még . The re ned ik _ 1 if k2A andZ{ 2A andZ} 2A ; ®)

target class weigh®’ are then converted to pseudo-labels 0 otherwise

for self-training. The re nement is a convex combination

with element-wise weights 2 R" W ¢: M restricts aggressive mixing only to tensor elements ful-

. a. lling two criteria: (1) The element belongs to the channel

Qr =(1 ) Qr+ Qr: (6) of a large static class. (2) The corresponding pixel is labeled

where  denotes element-wise multiplication. Our con- with a large static class inothdomains. Aggressive mixing

struction of builds on principles of self-label correc- IS incorporated as follows:
tion [60], as we describe in the following. / max(Pg:M): )

Con dence. During early training stages, the network’s

predictions are unreliable, especially in the more challeng- as slight abuse of notation, we useax( ; ) to denote the
ing adverse domain. In line with the principle of curricu- element-wise maximum of two tensors, which are broadcast

lum learning [3], the model should thus rely more heavily to the same shape. Hereg is stacked: times along the
on the “easier” reference images rst. Even if the refer- njrg dimension to match the shapeMf.

ence prediction guidance is inaccurate-g- due to erro-
neous warping—degradation during early training is lim-
ited, as deep networks tend to learn simple patterns rst be-
fore memorizing noise [1]. Later in training, on the other = s(Qt)max(Pr;M): (10)
hand, the model should be allowed to ignore or revise faulty

reference predictions. This progression can be capturedOwing to pixel-wise modulation byg, this re nement

via the model con dence, which increases steadily during scheme can ignore dynamic objects and small static objects,
training. More formally, we gauge the model con dence which are dif cult to align. On the other hand, &.g two

with the normalized entropy of the target probability map cars are coincidentally present at the same location, infor-
H(Qr) = W 2 [0;1]" V. We take the mean over all mation transfer is still possible. Furthermore, the scheme
pixels to obtaina global image-level estimate, and introduce allows for easy tuning of the degree of mixing with a single
a hyperparameteras an exponent to allow for tuning. This hyperparameter—the exponenbf trust scores. Finally,
yields a trust score: since entries oPg corresponding to invalid warp regions
are zero, no mixing happens if no match can be found.

3.2. Re nement

Re nement Equation. Combining the two propositions,
we obtain adaptive pseudo-label re nement:

n o
/ s(Qr)= mean HQr) = (D ,
4. Experiments

Large Static Classes.Based on the average size of con-

nected class segments, we hereafter refer to the three classes e presen;.extenswe experiments for bOth_UDAfaEd ge-
oole, traf ¢ light, andtrafc sign assmall static classes OMetric matching. Sec. 4.1 provides an overview of the ex-

(avg. size of 8k pixels on Cityscapes [6]), while the other pgrimental setup. Sec. 4.2 anq Sec. 4.3 presen't compa.risons
eight static classes are namadye static classeavg. size with state-of-the-art methods in UDA and semi-supervised

of 234k pixels). We experimentally observe that large static 90Main adaptation, respectively. Sec. 4.4 discusses abla-

classes are more accurately matched by the alignment modtions and Sec. 4.5 shows geometric matching comparisons.

ule compared to small static classes (see appendix, Sec. C)'_rralnmg settings and implementation details are discussed

In fact, guiding the re nement througBg for large static in Sec. B of the appendix.

classes might be overly pessimistic. The matching network 4 1 Setup

learns to be uncertain in non-textured regioasy(road,

sky), where it is unable to identify distinct matches [54]. Datasets. For the source domain we use Cityscapes [6].

However, even thouglg is low for these regions, the For the target and reference domains, we use ACDC [41],

broader semantic class is still matched correctly, due toDark Zurich [42], RobotCar Correspondence [22, 31], or

smooth interpolation learned by the alignment network. CMU Correspondence [2, 22]. Each of these four target-
We propose more aggressive re nement for large static domain datasets contains adverse-normal condition street

classes to compensate for this effect. To rule out unwantedscene image pairs in the training set. ACDC contains



Table 1. Comparison to the state of the art in CityscapA€DC domain adaptation on the ACDC test set. Methods above the double line
use a DeepLabv2 model. “Ref.”: for each adverse input image a reference frame from the same geo-location is used.

lou™

Method Ref. °
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© 3§ 2 £ s 8B 2 ¢ % 5§ % §g B 8 g & £ 5 &% g
AdaptSegNet [57] 69.4 340 528 135 180 43 149 9.7 640 231 382 386 201 593 356 306 539 198 339 33.4
BDL [25] 56.0 325 681 201 174 158 30.2 287 599 253 37.7 287 255 70.2 39.6 405 527 292 384 37.7
FDA [70] 73.2 347 59.0 248 295 286 433 449 701 282 547 470 285 746 448 523 633 283 395 45.7
DANNet (DeepLabv2) [63] X 829 531 753 321 282 265 394 403 700 39.7 835 428 289 680 320 316 47.0 215 36.7 46.3
DANIA (DeeplLabv?2) [64] X 87.8 57.1 80.3 36.2 314 286 495 458 76.2 488 90.2 479 311 755 36,5 365 47.8 325 441 51.8
DACS [51] 585 347 764 209 226 317 327 468 587 39.0 363 43.7 205 723 396 348 511 246 382 41.2
Re gn-DACS (ours) X 495 56.7 79.8 31.2 257 341 48.0 487 76.2 425 385 483 247 753 465 439 643 341 436 48.0
MGCDA (Re neNet) [42] X 734 287 69.9 193 263 368 53.0 533 754 320 846 51.0 26.1 776 432 459 539 327 415 48.7
DANNet (PSPNet) [63] X 843 542 776 380 300 189 416 352 713 394 86.6 487 292 76.2 416 43.0 586 326 439 50.0
DANIA (PSPNet) [64] X 88.4 606 81.1 371 328 284 432 426 777 505 905 515 311 76.0 374 449 640 318 46.3 53.5
DAFormer [15] 58.4 513 84.0 427351 50.7 30.0 57.0 748 528 513 583 326 827 583 549 824 441 507 55.4
Re gn-DAFormer (ours) X 89.5 634 87.3 436343 523 632 614 869 585 957 621 393 841 657 713 854 479 528 65.5

Table 2. Comparison of Cityscape®ark Zurich methods on
Dark Zurich-test. Trained models are tested for generalization on
the Nighttime Driving (ND) and BDD100k-night (Bn) test sets.

network, we use MegaDepth [26] and evaluate using the

test split of [45]. To test the ability of the alignment mod-

ule to generalize to road scenes, we additionally evaluate it

Method miou™ on the sparse ground-truth matches provided by [22] for the
Dark Zurich-test[42]  ND[8]  Bn[42,72] RobotCar and CMU Correspondence datasets.

DMAda (Re neNet) [8] 32.1 36.1 28.3 . T
GCMA (Re neNet) [26] 120 i a2 Archlt_ectgres_. To showcase the exibility of Re gn, we
MGCDA (Re neNet) [42] 425 49.4 34.9 combine it with state-of-the-art UDA methods. We choose
CDAda (Re neNet) [68] 45.0 50.9 33.8 DACS [51] (using DeepLabv2 [5]) and DAFormer [15]
gﬁmez ;ZEZNT;S? :755 :8747 2278;’ (based on SegFormer [67]) as base methods. Our alignment
et . R . .
CCDIistl (Re neNes) 4] 475 6.2 3.0 network follows almost exactly the same architecture as
DACS (DeepLabe2) [51] o0 08 s WarpC [55] (VGG-16 [46_] encoder and_GLU—Net [53] de-
Re gn-DACS (DeepLabv2, ours) 412 415 %2  coder), complemented with the uncertainty decoder of [54].
DAFormer [15] 53.8 54.1 33.8 Metrics. For evaluating segmentation results, we use mean
Re gn-DAFormer (ours) 562 568 352 intersection over union (mloU). Geometric matching accu-

Table 3. Semi-supervised domain adaptation on City- F2CY is evaluated using the percentage of correct keypoints
scapes RobotCar and CityscapesCMU. “Ref.”: a reference  atagiven pixel threshol@ (PCK-T). The quality of match-

frame is used for each adverse input image. ing uncertainty estimates is evaluated using sparsi cation
o error, specically the area under the sparsi cation error

Method Ref. curve (AUSE) [54] for average end-point error (AEPE).
RobotCar [22,31]  CMU [2,22]

PSPNet [77] 45.8 736 4.2. Comparison to the State of the Art in UDA

Cross-Season, CE [22] X 53.8 79.3

Cross-Season, Hing¢22] X 50.6 72.4 ACDC. We present comparisons to several state-of-the-art

Cross-Season, Hing¢22] X 55.4 75.3 methods on the ACDC test set in Table 1. Applying Re-

DAFormer [15] 51.7 75.6 gn on top of DAFormer [15] results in a mloU of 65.5%,

Re gn-DAFormer (ours) X 60.5 83.6 setting the new state of the art in domain adaptation from

Cityscapes to ACDC. Re gn boosts the performance of
1600 training, 406 validation, and 2000 test images dis- DAFormer by a substantial 10.1%. Besides static classes,
tributed equally among fog, night, rain, and snow. Dark we observe substantial improvement for dynamic classes as
Zurich contains 2416 training, 50 validation, and 151 test well, owing to our adaptive re nement method. Among
images for nighttime. RobotCar (resp. CMU) Correspon- DeepLabv2-based methods, our method Re gn-DACS is
dence contains 6511 (28766) training, 27 (25) validation, the second best after DANIA [64]. Note that Re gn boosts
and 27 (33) test images, captured at various conditions. Thethe mloU of DACS [51] by 6.8%.
RobotCar and CMU Correspondence datasets additionally We present qualitative comparisons with FDA, DANIA,
have 40 and 66 coarsely annotated images, enabling semiand DAFormer in Fig. 4. Our Re gn-DAFormer consis-
supervised domain adaptation. For training the alignmenttently produces more accurate segmentation maps than the



Image FDA[70] DANIA (PSPNet) [64]

DAFormer [15] Re gn-DAFormer Ground Truth

Figure 4. Qualitative segmentation results on two images of the ACDC validation set for models adapted from Cityscapes to ACDC.

Table 4. Ablation study on the ACDC validation set (metric: loU) for different components of Re gn, as detailed in (10). Default values in

“R-ad”: concurrent adaptation ®, i.e., Lines 12-15 of Alg. 1.

case of component omission aR; = 3, M =0,s=1.

P M Rad B 5 ¥ 3 & 2 & g5 @ F > 3 & 5 % 3 £ g § g

ALIGN  Pg s " e ® Z 5 & B 2 ¥ ¢ 3 o g B S £ & Ef 8 g ¢
1 643 254 633 265 180 55 64 93 637 133 791 69 08 238 248 395 83 67 237 268
2 X 869 600 827 490 323 439 581 407 833 383 944 128 72 527 434 504 151 300 436 487
3 X X 676 520 838 478 367 | 560 517 737 370 637 460 272 789 676 751 426 487 583
4 X X X 878 573 841 477 331 553 519 845 378 949 454 285 783 687 787 450 492 622
5 X X X X 885 589 850 484 342 572 541 852 401 951 |554 365|829 676 793 455 479 640
6 X X X X X B4 624 855 486 366 [57.7 JE0) 550 853 410 951 [573] 331 [B25) 736  s25 [EEEY 439 481 650

Table 5. Hyperparameter study of the mean-entropy exponent
the ACDC validation set.

Re gn-DAFormer 59.2

10

Figure 5. Trust scores(Q+)
during training for images of the
different conditions in ACDC.
On average, dif cult conditions
(night, snow—Ilower mloU) ex-
hibit a highers, meaning their
target predictions undergo more
intensive correction by refer-
ence predictions. Shown are
mloU validation scores of the
DAFormer [15] baseline.
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Figure 6. Prediction diversity on
the ACDC validation set during
training. We use normalized en-
tropy as a diversity index. Re-
gn preserves higher prediction
diversity compared to a naive
re nement scheme, which con-
sists of simple averaging (=
a0k 0:5in (6)).
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other methods. For instance, Re gn corrects typical mis-
classi cations of DAFormere.g skyasroad.

Dark Zurich. In Table 2, we benchmark our method on
Dark Zurich-test. Following previous works, the trained
Dark Zurich models are also tested for generalization on

Nighttime Driving [8] and BDD100k-night [42,72]. Re gn
markedly improves over the DACS and DAFormer base-
lines, both on Dark Zurich-test and the two unseen domains.
Notably, Re gn-DAFormer achieves a mloU of 56.2% on
Dark Zurich, setting the new state of the art.

4.3. Semi-Supervised Domain Adaptation Results

Table 3 lists semi-supervised domain adaptation re-
sults on the RobotCar and CMU Correspondence datasets.
We compare to DAFormer [15] and the three PSPNet-
based [77] models proposed in [22]. The models in [22] rely
on sparse 2D matches obtained via a multi-stage pipeline
involving camera pose estimation, 3D point cloud genera-
tion and matching, match pruning, and 2D reprojection. In
contrast, our alignment module directly establishes corre-
spondences through a dense matching network. Our models
achieve the best score on both datasets, demonstrating the
generality of our approach.

4.4, Ablation Study and Further Analysis

We perform an extensive analysis of our method on the
ACDC validation set. To obtain more reliable performance
estimates, all experiments in this section are repeated three
times and we report the average performance.

Table 4 shows the ablation study of different components
of our re nement scheme (10). The rst row lists a naive
re nement scheme, where = 0:5 and no alignment is
performed. Adding alignment (row 2; +21.9% mloU) im-
proves performance substantially across all classes. Fur-
ther addingPr (row 3; +9.6% mloU) sharply improves
performance for dynamic classes and small static classes,
but some large static classes are insuf ciently mixed and



Table 6. Comparison to the state of the art in geometric matching. All methods are trained on MegaDepth and evaluated on MegaDepth,
RobotCar, and CMU. “w/o SfM”: trained without sparse structure from motion matches, “UA’: uncertainty-aware matching network.

Method wlo SfM A MegaDepth [26] RobotCar [22,31] CMU [2,22]

PCK-1" PCK-5" PCK-10"  AUSE# PCK-1" PCK-5" PCK-10"  AUSE# PCK-1" PCK-5" PCK-10"  AUSE#
DGC+M-Net [32] X X 4.10 33.60 49.39 0.320 111 19.12 38.92 0.241 1.99 27.15 51.99 0.320
GLU-Net [53] X 29.46 55.96 62.39 - 2.21 33.72 55.28 - 21.18 80.95 91.44
WarpC [55] X 50.86 78.76 83.00 - 2,51 35.93 57.45 - 24.74 86.10 95.65
PDC-Net+ [54] X 72.42 88.10 80.31  0.293 2.57 36.71 58.44 0.186 27.84 85.21 92,57 0.268
UAWarpC (ours) X X 53.04 78.52 8192 0217 2.59 36.79 58.10 0.155 27.44 88.17 95.94 0.270

Reference Warped Reference Con dent Warped Reference Adverse

Figure 7. Visualizations of warped reference images and the corresponding con dence map$ (Udviteon dence) from ACDC.

their performance decreases due to low warping con denceRe gn, we report generalization performance on two road
within non-textured regions (Sec. 3.2). Performance for datasets, RobotCar and CMU. UAWarpC improves the gen-
large static classes is fully recovered by incorporating ag- eralization accuracy compared to the WarpC [55] baseline,
gressive large static class mixing W, without sacri cing demonstrating that our uncertainty modeling increases the
performance on small static classes or dynamic classes (rowobustness of the ow estimator. In terms of uncertainty
4; +3.9% mloU). Introducing con dence-adaptive mixing estimation, our method matches or even outperforms the re-
with trust scores increases performance further for 17 of cent probabilistic PDC-Net+ [54] in AUSE.
the 19 classes (row 5; +1.8% mloU). We arrive at the - Finally, we show qualitative warp results in Fig. 7. No-
nal con guration by adding concurrent adaptatiorRie-as tably, the alignment module successfully manages to iden-
detailed in Lines 12-15 of Alg. 1—which adds another tify dynamic objects and assigns them a low con dence.
+1.0% mloU in performance.

Table 5 shows the sensitivity of our method to different 5. Conclusion
values of its only hyperparameter(mean-entropy expo-
nent, see (7)). The method is fairly robust to decreasing b
In Fig. 5, we compare values of trust scareuring train- a
ing across different conditions. We observe thaémains
larger for images of more challenging conditions (night,
snow). Thus, the re nement scheme automatically relies
more heavily on the reference predictions for these condi-
tions. Finally, we plot in Fig. 6 the diversity of validation
set predictions during training, measured by the normalized
entropy of the predicted class histogram. Compared to a
naive mixing scheme consisting of simple averaging, Re-
gn preserves considerably higher prediction diversity.

We present Re gn, a generic add-on to self-training-
sed UDA methods that leverages an additioefdrence
image for each target-domain image. Re gn consists of two
steps: (1) uncertainty-aware alignment of the reference pre-
diction with the target prediction, and (2) adaptive re ne-
ment of the target predictions with the aligned reference
predictions. To enable step (1), we propose UAWarpC, a
probabilistic extension to the matching method WarpC [55].
UAWarpC reaches state-of-the-art performance in both ow
accuracy and uncertainty estimation. Step (2) consists
of a non-parametric label correction scheme. We ap-
ply Re gn to two existing UDA methods—DACS [51]
and DAFormer [15]—and report state-of-the-art normal-to-
adverse domain adaptation results for semantic segmenta-
In Table 6 we compare our alignment strategy UAWarpC tion on multiple driving scene datasets.
to state-of-the-art geometric matching methods. All re- Acknowledgment. This work was supported by the ETH
ported methods are trained on MegaDepth. To estimateFuture Computing Laboratory (EFCL), nanced by a dona-
their suitability for deployment as an alignment module in tion from Huawei Technologies.

4.5. Geometric Matching Results
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Derivation of Con dence Map We integrate the bivari-
ate Gaussian density function over a circle with radius
(subscripts are omitted).

UAWarpC training almost exactly follows the setup
of [55]. The training consists of two stages: In the rst
stage, the network is trained without the visibility mask, as
the visibility mask estimate is still inaccurate. In the second
stage, the visibility mask is activated and more data aug-
mentation is used.

Data Handling The alignment network is trained using
MegaDepth [26], consisting of 196 scenes reconstructed

Appendix from 1,070,468 internet photos with COLMAP [44]. 150
scenes are used for training, encompassing around 58,000
A. Mathematical Derivations sampled image pairs. 1800 image pairs sampled from 25

different scenes are used for validation. No ground-truth
Derivation of Log-Likelihood Loss We model the like-  correspondences from SfM reconstructions are used to train
lihood with an uncorrelated, bivariate Gaussian with mean UAWarpC.
£ =[FY;FY]” andvariancé€= Y = "V for ow direc- During training, the image pair$;J are resized to
tionsu andv. 750x750 pixels, and a dense oW is sampled to create



1% Finally, all three images;J;|° are center-cropped to
resolution 520x520. In the rst training stagd consists

of sampled color jitter, Gaussian blur, homography, TPS, :,,, vom
and af ne-TPS transformations. In the second stage, local = s =
elastic transformations are added, and the strength of the? o«
transformations is increased. For the detailed augmentation® ** .
parameters, we refer to [55]. SEFILESSE
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Architecture and Loss Function Again following [55],

a modi ed GLU-Net [53] is used as a base architecture for
ow prediction. GLU-Net is a four-level pyramidal network
with a VGG-16 [46] encoder. The encoder is initialized with
ImageNet weights and frozen. GLU-Net requires an addi-
tional low-resolution input of 256x256 to establish global
correlations, followed by repeated levels of upscaling and
local feature correlations. As in [55], our ow decoder uses
residual connections for ef ciency. In addition, we replace
all transposed convolutions with bilinear upsampling, and
normalize all encoder feature maps, to increase the conver-
gence rate.

The uncertainty estimate is produced using the uncer-
tainty decoder proposed in [54]. However, instead of pre-
dicting the parameters of several mixture components, we
simply output a single value per pixel—the log-variance.

As in [55], the loss is applied at all four levels of the
pyramidal GLU-Net. We simply add the four components.
The employed loss functions are explained in Sec. 3.1 o
the main paper. To obtain the visibility mask for the sec-
ond training stage, we use the Cauchy-Schwarz inequality,
analogously to [55].
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Data Handling

Figure C-1. Correlation between
the average size of connected
components (on Cityscapes [6])
and mloU score of warped refer-
ence image predictions for static
classes. Larger classes bene-
t heavily from indiscriminate
warping.

Figure C-2. Performance in-
crease for different class cate-
gories as a function of the warp
con dence Pr ) threshold. Dy-
namic classes and small static
classes (see Sec. 3.2) are more
sensitive to the warp con dence,
while large static classes do not
improve considerably.

For more details, and the DACS [51] settings, we refer to
the original papers or the authors' codes

Input images are resized to half resolu-
tion for Cityscapes [6], ACDC [41], and Dark Zurich [42].
For RobotCar Correspondence [22, 31] and CMU Corre-

gspondence [2, 22], we resize to 720x720 and 540x720, re-

spectively. Data augmentation consists of random crop-
ping to 512x512 and random horizontal ipping. For the
coarsely labeled extra target images in the semi-supervised

domain adaptation for RobotCar and CMU, we additionally
2 apply random rotation with maximum 10° and color jitter-

V=1 Pyt e, (For) W< ing.

2 2
2+ 1 Fog 4+ ﬁIOIJ(ﬁJ! o+t W

(13)

Optimization Schedule We use the AdamW [28] opti-
mizer with a weight decay of 0.01. The learning rate fol-

lows a linear warmup for 1500 steps, followed by linear de-
1 denotes the element-wise indicator function. We use €&y. The peak learning rate & 10 “. On ACDC and

1 =0:03and , =0:05.

Dark Zurich, we train for 40k iterations; on RobotCar and

CMU, we train for 20k iterations. A batch size of 2 is used

o o throughout.
Optimization Schedule For the rst training stage, the

To mitigate the risk of over tting, we use the coarsely la-

alignment network is trained with a batch size of 6 for 400k beled extra target images in semi-supervised domain adap-

iterations. We use the Adam optimizer [21] with weight
decay4 10 “. The initial learning rate i40 4, and is
halved after 250k and 325k iterations. For the second train-
ing stage, we use 225k training steps with initial learning
rate5 10 °, halved after 100k, 150k, and 200k iterations.

iteration.

tation on RobotCar and CMU only in every second training

C. Smallvs Large Static Classes

To motivate the distinction between small and large static

B.2. Segmentation Network

For training the domain adaptive segmentation networ
we follow the employed base UDA method, respectively.
We summarize here the settings used with DAFormer [15]. https://github.com/vikolss/DACS

classes (as de ned in Sec. 3.2), we generate ACDC [41]
i reference image predictions using a SegFormer [67] trained

2https://github.com/lhoyer/DAFormer



Table D-1. State-of-the-art comparison on Dark Zurich-test for Cityscapes — Dark Zurich domain adaptation. Methods above the double
line all use a DeepLabv2 [5] model. “Ref.”: For each adverse input image a reference image at similar geo-location is used.

ToU ™
Method Ref. °

=} g ) = 3 o = = 3 g = o ~ " = g o -

5 [ = = 2 = 5} s > S 5] o B B ] o &

= 2 : ¢ & & 2 % 2 §F ¢ 5 2 % E 2 E % % g
DeepLabv2 [5] 79.0 21.8 530 133 112 225 202 221 435 104 18.0 374 338 64.1 6.4 0.0 523 304 74 28.8
ADVENT [59] 858 379 555 277 145 231 140 21.1 321 8.7 20 399 166 640 138 0.0 588 285 207 29.7
AdaptSegNet [57] 86.1 442 551 222 48 211 56 167 372 84 1.2 359 267 682 451 00 501 339 156 30.4
BDL [25] 853 41.1 619 327 174 206 114 213 294 89 1.1 374 221 632 282 0.0 477 394 157 30.8
DANNet (DeepLabv2) [63] X 88.6 534 69.8 340 20.0 250 315 359 695 322 823 442 437 541 220 0.1 409 360 24.1 425
DANIA (DeepLabv2) [64] X 894 60.6 723 345 237 373 328 400 721 330 841 447 489 590 98 0.1 40.1 384 305 44.8
DACS [51] 83.1 49.1 674 332 166 429 207 356 31.7 5.1 65 417 182 688 764 0.0 616 277 10.7 36.7
Refign-DACS X 899 59.7 695 285 11.6 390 171 350 357 188 304 388 431 723 737 00 61.6 339 247 412
DMAda (RefineNet) [8] X 755 29.1 486 213 143 343 368 299 494 138 04 433 502 694 184 00 276 349 119 32.1
GCMA (RefineNet) [38] X 81.7 469 58.8 220 20.0 412 405 416 648 31.0 321 535 475 755 392 0.0 49.6 30.7 21.0 42.0
MGCDA (RefineNet) [42] X 80.3 493 66.2 78 11.0 414 389 390 64.1 180 558 521 535 747 660 00 375 29.1 227 425
CDAda (RefineNet) [68] X 90.5 60.6 679 37.0 193 429 364 353 669 244 798 454 429 708 517 00 297 277 262 45.0
DANNet (PSPNet) [63] X 904 60.1 710 336 229 306 343 337 705 318 802 457 416 674 168 00 730 31.6 229 452
CCDistill (RefineNet) [9] X 89.6 58.1 70.6 36.6 225 330 270 305 683 330 809 423 40.1 694 58.1 0.1 726 47.7 213 47.5
DANIA (PSPNet) [64] X 91.5 627 739 399 257 365 357 362 714 353 822 480 449 737 113 0.1 643 36.7 227 47.0
DAFormer [15] 935 655 733 394 192 533 441 440 595 345 66.6 534 527 821 527 95 893 505 385 53.8
Refign-DAFormer X 91.8 650 809 379 258 562 452 51.0 78.7 31.0 889 588 529 778 51.8 6.1 908 402 37.1 56.2

Table D-2. State-of-the-art comparison of models which do not
follow the common image input resizing protocol. Refign-HRDA
currently ranks first on public leaderboards.

Cityscapes—ACDC Cityscapes—Dark Zurich
Method
ACDC [41] Dark Zurich-test [42] ND [8] Bn [42,72]
SePiCo (DAFormer) [66] 542 57.1 36.9
HRDA [16] 68.0 559 55.6 39.1
Refign-HRDA 72.1 63.9 57.8 40.6

on Cityscapes [6], and warp them onto the corresponding
adverse-image viewpoint. As shown in Fig. C-1, we ob-
serve a correlation between the resulting IoU and the aver-
age size of the connected class component for static classes
(pearson correlation coeff. of 0.70). The classes pole, traf-
fic light, and traffic sign are drastically smaller than the
rest, and consequentially have lower accuracy. On the other
hand, such indiscriminate warping (i.e., without Pr) is sur-
prisingly accurate for the large static classes.

Furthermore, we analyze the mloU improvement when
only considering pixels above a certain Pr threshold for
the above mentioned warped SegFormer predictions, see
Fig. C-2. While the performance increases monotonically
for both dynamic and small static classes, it remains mostly
flat for large static classes. This suggests that large static
classes are largely insensitive to the warping confidence,
while both dynamic and small static classes benefit greatly
from confidence guidance.

Table D-3. Performance of Cityscapes — ACDC models for differ-
ent conditions on the validation set.

ou ™
Method mie

night Snow rain fog
DAFormer [15] 34.8 56.3 58.5 67.9
Refign-DAFormer 48.1 65.0 65.2 73.4

D. Additional Experimental Results

Due to space restrictions, we present the full class-wise
performances of state-of-the-art UDA methods on Dark
Zurich-test here in Table D-1. The models reported in Ta-
bles 1, 2, and D-1 all use the same image input size at test-
time for fairness of comparison. Table D-2 presents mod-
els which do not follow that protocol. Using Cityscapes-
pretrained weights for initialization, Refign added on top of
HRDA [16] achieves 72.1 mIoU and 63.9 mloU on ACDC
and Dark Zurich-test, respectively, ranking first on the pub-
lic leaderboards of these benchmarks at the time of publica-
tion.

In Table D-3, we report the performance of City-
scapes—ACDC Refign-DAFormer on the four different
conditions of the ACDC validation set. Refign improves
markedly over the baseline for all conditions.

We also compare the Cityscapes—ACDC Refign-
DAFormer model with state-of-the-art foggy scene under-
standing methods in Table D-4. All methods are trained
with Cityscapes as source domain, however the foggy scene
understanding methods utilize both synthetic foggy data
and a larger pool of real foggy data as targets. Surprisingly,
our model achieves state-of-the-art performance despite this



Table D-4. Performance comparison with specialized foggy scene
understanding methods on the Foggy Zurich [7] and Foggy Driv-
ing [40] test sets.

Method Target Domain Training Data mloU "

Foggy CS-DBF [7]  Foggy Zurich [7] ACDC [41]  Foggy Zurich [7] FoggyDriving [40]
CMAda3+ [7] X X 46.8 49.8
FIFO 23] X X 484 50.7
CuDA-Net+ [30] X X 49.1 53.5
TDo-Dif [27] X X 519 50.7
Refign-DAFormer X 514 53.9

Table D-5. Performance of Refign vs. DAFormer baseline with a
DeepLabv2 model on the ACDC and Dark Zurich validation sets.

Method mloU

ACDC [41] Dark Zurich [42]
DAFormer (DeepLabv2) [15] 46.4 24.8
Refign-DAFormer (DeepLabv2) 55.6 38.7

Table E-1. Applying Refign only for one refinement iteration at
test-time to DAFormer on the ACDC and Dark Zurich validation
sets.

IoU ™
Method mloU

ACDC [41] Dark Zurich [42]
DAFormer [15] 55.6 34.1
DAFormer + Test-Time Refign 56.8 38.0
handicap.

Finally, we conduct experiments substituting the Seg-
Former [67] based architecture of DAFormer [15] with
DeepLabv2 [5]. On both ACDC and Dark Zurich valida-
tion sets, this version of Refign improves substantially over
the baseline, as reported in Table D-5.

E. Refign at Test-Time

Although designed to refine pseudo-labels during online
self-training, Refign can also be applied at test-time to ar-
bitrary, trained models, if a reference image is available.
We report ACDC and Dark Zurich validation set scores in
Table E-1. The performance gain is more moderate than
if Refign is applied at training-time. This is unsurprising,
given that we only conduct a single refinement iteration in
that case.

F. Qualitative Results

We show more qualitative results in this section. Fig. F-1
shows more qualitative segmentation results for randomly
selected ACDC validation samples. Fig. F-2 shows the
warps and corresponding confidence maps for randomly se-
lected ACDC samples. Finally, in Fig. F-3, we show some
warp failures. Importantly, the confidence map correctly
blends out the inaccurate warps.



Image FDA [70] DANIA (PSPNet) [64] DAFormer [15] Refign-DAFormer Ground Truth

Figure F-1. Prediction samples of the ACDC validation set.




Reference Warped Reference Confident Warped Reference Adverse

Figure F-2. Example visualizations of warped reference images and the corresponding confidence maps from ACDC.






