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Map-Guided Curriculum Domain Adaptation and
Uncertainty-Aware Evaluation for Semantic

Nighttime Image Segmentation
Christos Sakaridis, Dengxin Dai, and Luc Van Gool

Abstract—We address the problem of semantic nighttime image segmentation and improve the state-of-the-art, by adapting daytime
models to nighttime without using nighttime annotations. Moreover, we design a new evaluation framework to address the substantial
uncertainty of semantics in nighttime images. Our central contributions are: 1) a curriculum framework to gradually adapt semantic
segmentation models from day to night through progressively darker times of day, exploiting cross-time-of-day correspondences
between daytime images from a reference map and dark images to guide the label inference in the dark domains; 2) a novel
uncertainty-aware annotation and evaluation framework and metric for semantic segmentation, including image regions beyond human
recognition capability in the evaluation in a principled fashion; 3) the Dark Zurich dataset, comprising 2416 unlabeled nighttime and
2920 unlabeled twilight images with correspondences to their daytime counterparts plus a set of 201 nighttime images with fine
pixel-level annotations created with our protocol, which serves as a first benchmark for our novel evaluation. Experiments show that our
map-guided curriculum adaptation significantly outperforms state-of-the-art methods on nighttime sets both for standard metrics and
our uncertainty-aware metric. Furthermore, our uncertainty-aware evaluation reveals that selective invalidation of predictions can
improve results on data with ambiguous content such as our benchmark and profit safety-oriented applications involving invalid inputs.

Index Terms—Domain adaptation, semantic segmentation, nighttime, evaluation, curriculum learning.
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1 INTRODUCTION

T HE state of the art in semantic segmentation is rapidly
improving in recent years. Despite the advance, most methods

are designed to operate at daytime, under favorable illumination
conditions. However, many outdoor applications require robust
vision systems that perform well at all times of day, under
challenging lighting conditions, and in bad weather [1], [2].
Currently, the popular approach to solving perceptual tasks such as
semantic segmentation is to train deep neural networks [3], [4], [5]
using large-scale human annotations [6], [7], [8]. This supervised
scheme has achieved great success for daytime images, but it
scales badly to adverse conditions like nighttime. The adversity of
nighttime poses further challenges for perceptual tasks compared
to daytime. The extracted features become corrupted due to visual
hazards [9] such as underexposure, noise, and motion blur. In this
work, we focus on semantic segmentation at nighttime, both at the
method level and the evaluation level.

At the method level, this work adapts semantic segmentation
models from daytime to nighttime, without annotations in the
latter domain. To this aim, we propose a new method called
Map-Guided Curriculum Domain Adaptation (MGCDA). The
underpinnings of MGCDA are threefold: continuity of time, prior
knowledge of place, and power of data. Time: environmental
illumination changes continuously from daytime to nighttime.
This enables adding intermediate domains between the two to
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smoothly transfer semantic knowledge. This idea is found to be
effective in [10], [11]; we extend it by adding two more modules.
Place: images taken over different time but with the same 6D
camera pose share a large portion of content. The shared content
can be used to guide the knowledge transfer process from a
favorable condition (daytime) to an adverse condition (nighttime).
We formalize this observation and propose a method for large-
scale applications. The method stores the daytime images and the
distilled semantic knowledge into a digital map and enhances the
semantic nighttime image segmentation by this geo-referenced
map in an adaptive fusion framework. This supplement is es-
pecially important for nighttime perception as observing partial
information and uncertain data is a frequent situation at nighttime.
Data: MGCDA takes advantage of the powerful image translation
techniques to stylize real annotated daytime datasets to darker
target domains in order to perform standard supervised learning.

At the evaluation level, this work proposes an uncertainty-
aware annotation and evaluation framework for semantic segmen-
tation. The degradation of regions of nighttime images affected
by visual hazards is often so intense that they are rendered
indiscernible, i.e. determining their semantic content is impossible
even for humans. We term such regions as invalid for the task of
semantic segmentation. A robust model should predict with high
uncertainty on invalid regions while still being confident on valid
(discernible) regions, and a sound evaluation framework should
reward such behavior. The above requirement is particularly sig-
nificant for safety-oriented applications such as autonomous cars,
since having the vision system declare a prediction as invalid can
help the downstream driving system avoid the fatal consequences
of this prediction being false, e.g. when a pedestrian is missed.

To this end, we design a generic uncertainty-aware annotation
and evaluation framework for semantic segmentation in adverse
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conditions which explicitly distinguishes invalid from valid re-
gions of input images, and apply it to nighttime. On the annotation
side, our novel protocol leverages privileged information in the
form of daytime counterparts of the annotated nighttime scenes,
which reveal a large portion of the content of invalid regions.
This allows to reliably label invalid regions and to indeed include
invalid regions in the evaluation, contrary to existing semantic
segmentation benchmarks [7] which completely exclude them
from evaluation. Moreover, apart from the standard class-level
semantic annotation, each image is annotated with a mask which
designates its invalid regions. On the evaluation side, we allow the
invalid label in predictions and adopt from [12] the principle that
for invalid pixels with legitimate semantic labels, both these labels
and the invalid label are considered correct predictions. However,
this principle does not cover the case of valid regions. We address
this by introducing the concept of false invalid predictions. This
enables calculation of uncertainty-aware intersection-over-union
(UIoU), a joint performance metric for valid and invalid regions
which generalizes standard IoU, reducing to the latter when no
invalid prediction exists. UIoU rewards predictions which exhibit
confidence that is consistent to human annotators, i.e. which have
higher confidence on valid regions than invalid ones, meeting the
aforementioned requirement.

Finally, we present Dark Zurich, a dataset of 8779 real images
which contains corresponding images of the same driving scenes
at daytime, twilight and nighttime. We use this dataset to feed real
data to MGCDA and to create a benchmark with 201 nighttime
images for our uncertainty-aware evaluation. Our dataset is pub-
licly available1 and is used for hosting a CVPR 2020 challenge on
nighttime segmentation2. Our code is publicly available3.

An earlier version of this work has appeared in the Interna-
tional Conference on Computer Vision [13]. Compared to the
conference version, this paper makes the following additional
contributions:

1) An improved version of our domain adaptation method which
involves a geometry-aware formulation for refining semantic
predictions via cross-time-of-day correspondences and leads
to improved performance over the conference version.

2) An extension of the annotated nighttime part of our Dark
Zurich dataset with 50 additional images, leading to a total
of 201 annotated nighttime images.

3) Substantially more extensive experiments, including i.a. de-
tailed comparisons with more recent state-of-the-art domain
adaptation methods for semantic segmentation, evaluation on
additional nighttime sets, thorough ablation studies for the
components of our method, and application of our approach
at test time.

4) Other enhanced parts, including related work and dataset
statistics.

2 RELATED WORK

Vision at Nighttime. Nighttime has attracted a lot of attention
in the literature due to its ubiquitous nature. Several works pertain
to human detection at nighttime, using FIR cameras [14], [15],
visible light cameras [16], or a combination of both [17], [18].
In driving scenarios, a few methods have been proposed to detect

1. https://www.trace.ethz.ch/publications/2019/GCMA UIoU
2. https://competitions.codalab.org/competitions/23553
3. https://github.com/sakaridis/MGCDA

cars [19] and vehicles’ rear lights [20]. Contrary to these domain-
specific methods, previous work also includes both methods
designed for robustness to illumination changes, by employing
domain-invariant representations [21], [22] or fusing information
from complementary modalities and spectra [23], and datasets
with adverse illumination [24], [25], [26]. A recent work [11]
on semantic nighttime segmentation shows that images captured
at twilight are helpful for supervision transfer from daytime to
nighttime. Our work is partially inspired by [11] and extends it by
proposing a map-guided curriculum adaptation framework which
learns jointly from stylized images and unlabeled real images of
increasing darkness and exploits the prior knowledge from a map.
There is a rich literature on low-light image enhancement [27],
[28], [29], [30], which is also relevant to our work. However, its
focus is on the low-level goal of visual quality improvement rather
than the high-level goal of accurate semantic scene understanding.

Domain Adaptation. Performance of semantic segmentation
on daytime scenes has increased rapidly in recent years. As a
consequence, attention is now turning to adaptation to adverse
conditions [23], [31], [32], [33]. A case in point are recent
efforts to adapt clear-weather models to fog [10], [34], [35],
[36], by using both labeled synthetic images and unlabeled real
images of increasing fog density. This work instead focuses on
the nighttime domain, which poses very different and—as we
would claim—greater challenges than the foggy domain (e.g.
artificial light sources casting very different illumination patterns
at night). A major class of adaptation approaches, including [37],
[38], [39], [40], [41], [42], [43], [44], [45], [46], [47], [48], [49],
[50], involves adversarial confusion or feature alignment between
domains. The general concept of curriculum learning has been
successfully applied to domain adaptation by ordering tasks [51],
target-domain pixels [52], or domains [10], [11], [35], [53]. Our
method belongs to the last group. Cross-domain correspondences
as guidance have only been used very recently in [54], which
requires pixel-level matches to be given, while we require more
generic image-level correspondences.

Semantic Segmentation Evaluation. Semantic segmentation
evaluation is commonly performed with the IoU metric [6].
Cityscapes [7] introduced an instance-level IoU (iIoU) to remove
the large-instance bias, as well as mean average precision for the
task of instance segmentation. The two tasks have recently been
unified into panoptic segmentation [55], with a respective panoptic
quality metric. The most closely related work to ours in this regard
is WildDash [12], which uses standard IoU together with a fine-
grained evaluation to measure the impact of visual hazards on
performance. In contrast, we introduce UIoU, a new semantic
segmentation metric that handles images with regions of uncer-
tain semantic content and is suited for adverse conditions. Our
uncertainty-aware evaluation is complementary to uncertainty-
aware methods such as [56] and [57] that explicitly incorporate
uncertainty in their model formulation and aims to promote the
development of such methods, as UIoU rewards models that
accurately capture heteroscedastic aleatoric uncertainty [56] in the
input images through the different treatment of invalid and valid
regions.

Map-Guided Vision Applications. One of the major application
domains of maps is robot localization, which is a large research
field on its own and has a rich literature [58], [59]. Maps
have also been enriched to be leveraged for other vision tasks
beyond localization such as road surface detection [60], [61],

https://www.trace.ethz.ch/publications/2019/GCMA_UIoU
https://competitions.codalab.org/competitions/23553
https://github.com/sakaridis/MGCDA
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Fig. 1. A general overview of our MGCDA method for adaptation to nighttime. FT stands for �ne-tuning. Red arrows denote training of a model,
while gray arrows denote generation of predictions. Inference with the �nal nighttime model (bottom right) does not require guided re�nement.

navigation [62], [63], object detection [64], [65], tracking [66]
and forecasting [67]. This work uses a new form of map-based
prior knowledge, i.e. daytime images and their distilled semantics,
to supplement the task of semantic image segmentation. This
supplement is especially important when the online segmentation
system operates in challenging weather or lighting conditions, e.g.
at nighttime. Our learning method uses geo-referenced maps as an
additional source of information in an adaptive fusion scheme.

3 MAP-GUIDED CURRICULUM DOMAIN ADAPTA -
TION

3.1 Problem Formulation

MGCDA involves a source domainS, an ultimate target domain
T , and an intermediate target domain_T . In this work,S is day-
time, T is nighttime, and_T is twilight time with an intermediate
level of darkness betweenS andT . These domains are formally
de�ned according to the solar elevation angle [11], which can be
derived from geographical location and time of capture. MGCDA
adapts semantic segmentation models through this sequence of
domains (S; _T ; T ), which is sorted in ascending order with
respect to level of darkness. The approach proceeds progressively
and adapts the model from one domain in the sequence to the
next. The knowledge is transferred through the domain sequence
via this gradual adaptation process. The transfer is performed
using two coupled branches: 1) learning from labeled synthetic
stylized images and 2) learning from real data without annotations,
to jointly leverage the assets of both. Stylized images inherit
the human annotations of their original counterparts but contain
unrealistic artifacts, whereas real images have less reliable pseudo-
labels but are characterized by artifact-free textures. An overview
of MGCDA is presented in Fig. 1.

Let us usez 2 f 1; 2; 3g as the index in(S; _T ; T ). Once the
model for the current domainz is trained, its knowledge can be

distilled on unlabeled real data fromz, and then used, along with
a new version of synthetic data from the next domainz + 1 to
adapt the current model toz + 1 .

Before diving into the details, we �rst de�ne all datasets used.
The inputs for MGCDA consist of: 1) a labeled daytime set with
M real imagesD1

lr = f (I 1
m ; Y 1

m )gM
m =1 , e.g. Cityscapes [7],

whereY 1
m (i; j ) 2 C = f 1; :::; Cg is the ground-truth label of

pixel (i; j ) of I 1
m ; 2) an unlabeled daytime set ofN1 images

D1
ur = f I 1

n gN 1
n =1 ; 3) an unlabeled twilight set ofN2 images

D2
ur = f I 2

n gN 2
n =1 ; and 4) an unlabeled nighttime set ofN3 images

D3
ur = f I 3

n gN 3
n =1 . In order to perform knowledge transfer with

annotated data,D1
lr is rendered in the style ofD2

ur andD3
ur . We

use CycleGAN [68] to perform this style transfer, leading to two
more sets:D2

ls = f ( �I 2
m ; Y 1

m )gM
m =1 andD3

ls = f ( �I 3
m ; Y 1

m )gM
m =1 ,

where �I 2
m and �I 3

m are the stylized twilight and nighttime version
of I 1

m respectively, and labels are copied. Forz = 1 , the semantic
segmentation model� 1 is trained directly onD1

lr . In order to
perform knowledge transfer with unlabeled data, pseudo-labels
for all three unlabeled real datasets need to be generated. The
pseudo-labels forD1

ur are generated using the model� 1 via
Ŷ 1

n = � 1(I 1
n ). For z > 1, training � z and generatinĝY z

m is
performed progressively as MGCDA proceeds, as is detailed in
Sec. 3.1.1. All six datasets are summarized in Table 1. In Fig. 2, we
show visual examples from the six training sets. Cityscapes [7] is
used to instantiate the labeled sets, while ourDark Zurichdataset,
which we detail in Sec. 5, is used to instantiate the unlabeled sets.

3.1.1 Map-Guided Curriculum Domain Adaptation

Since the method proceeds in an iterative manner, we present the
algorithmic details only for a single adaptation step fromz � 1
to z. The presented algorithm is straightforward to generalize
to multiple intermediate target domains. In order to adapt the
semantic segmentation model� z� 1 from the previous domain
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TABLE 1
The training sets used in MGCDA. I indicates an image and Y its label
map; �I is a synthetic image and Ŷ a pseudo-label map. See the text for

details.

Labeled Unlabeled
Real Synthetic Real

1. Daytime f (I 1
m ; Y 1

m )gM
m =1 f (I 1

n ; Ŷ 1
n )gN 1

n =1
2. Twilight time f ( �I 2

m ; Y 1
m )gM

m =1 f (I 2
n ; Ŷ 2

n )gN 2
n =1

3. Nighttime f ( �I 3
m ; Y 1

m )gM
m =1 f (I 3

n ; Ŷ 3
n )gN 3

n =1

(a) D 1
lr : Cityscapes (b) D 1

ur : Dark Zurich-day

(c) D 2
ls : Cityscapes-twilight style (d) D 2

ur : Dark Zurich-twilight

(e) D 3
ls : Cityscapes-nighttime style (f) D 3

ur : Dark Zurich-night

Fig. 2. Sample images from the training sets used in MGCDA.

z � 1 to the current domainz, we generate synthetic stylized
data in domainz: Dz

ls .
For real unlabeled images, since no human annotations are

available, we rely on a strategy of self-learning or curriculum
learning. Our motivating assumption is that objects are generally
easier to recognize in lighter conditions, so the tasks are solved
in ascending order with respect to the level of darkness and
the easier, solved tasks are used to re-train the model to solve
the harder tasks. This is in line with the concept of curriculum
learning [69]. In particular, the model� z� 1 for domain z � 1
can be applied to the unlabeled real images of domainz � 1
to generate supervisory labels for training� z . Speci�cally, the
dataset of real images with pseudo-labels for adaptation to domain
z is Dz� 1

ur = f (I z� 1
n ; Ŷ z� 1

n )gN z � 1
n =1 , where Ŷ z� 1

n denotes the
predicted labels of imageI z� 1

n . A simple way to get these labels
is by directly feedingI z� 1

n to � z� 1, similar to the approach
of [10], [35] for the case of fog. This choice, however, suffers from
accumulation of substantial errors in the prediction of� z� 1 into
the subsequent training step if domainz � 1 is not the daytime
domain. We instead propose a method to re�ne these errors by
usingweak supervisionfrom the semantics of a daytime imageI 1

n
that correspondsto I z� 1

n , i.e. depicts roughly the same scene as
I z� 1

n (the difference in the camera pose is small):

Ŷ z� 1
n = G

�
� z� 1(I z� 1

n ); I z� 1
n ; � 1(I 1

A z � 1 ! 1 (n ) ); I 1
A z � 1 ! 1 (n )

�
;

(1)

whereG is a guidance function which will be de�ned in Sec. 3.2
andz � 1 > 1. Az� 1! 1(n) is the correspondence function giving
the index of the daytime image that corresponds toI z� 1

n .
Once we have the two training setsDz� 1

ur (with labels inferred
through (1)) andDz

ls , learning� z is performed by optimizing a
loss function that involves both datasets:

min
� z

� X

( I;Y )
2D z

ls

L(� z (I ); Y ) + �
X

( I; Ŷ )
2D z � 1

ur

L(� z (I ); Ŷ )
�

; (2)

whereL(:; :) is the cross entropy loss and� is a hyper-parameter
balancing the contribution of the two datasets.

In order to leverage themap prior at large scale to improve
predictions through the guided label re�nement de�ned in (1),
speci�c aligned training datasets need to be compiled. With this
aim, we collected theDark Zurich dataset by driving several
laps in disjoint areas of Zurich; each lap was driven multiple
times during the same day, starting from daytime through twilight
to nighttime. The recording overhead is moderate compared to
the unsupervised setting where only a single nighttime recording
would be performed. The recordings include GPS readings and
are split into three sets: daytime, twilight and nighttime (cf.
Sec. 5). Since different drives of the same lap correspond to the
same route, the camera orientation at a certain point of the lap
is similar across all drives. We implement the correspondence
functionAz! 1 that assigns to each image in domainz its daytime
counterpart using a GPS-based nearest neighbor assignment, as
shown in Fig. 3(a). Thus, the requirements for the training dataset
compared to the unsupervised adaptation case do not signi�cantly
restrict the applicability of MGCDA. The method presented in
Sec. 3.2 carefully handles the effects of misalignment and dynamic
objects in paired images.

The geo-referenced daytime images, along with their semantic
pseudo-labels, are used as a new form of map knowledge. We
acknowledge that our method uses a very simple map-matching
method that may not be suf�cient for other tasks. However,
we show that our learning method is able to bene�t from the
corresponding map data already. Developing and using more so-
phisticated map-matching algorithms is orthogonal to our learning
algorithm.

3.2 Geometrically Guided Segmentation Re�nement

In the following presentation of our guided segmentation re-
�nement for dark images using corresponding daytime images,
we drop for brevity the subscript which was used to indicate
this correspondence. In the conference version of this paper, the
speci�c formulation of the guidance functionG for our re�nement
approach which was introduced in a general form in (1) was

G
�
� z (I z ); I z ; � 1(I 1)

�
= R

�
� z (I z ); B (� 1(I 1); I z )

�
; (3)

i.e. the composition of a cross bilateral �lterB on the daytime
predictions, which aligns them to the dark image, with a fusion
function R, which adaptively combines the aligned daytime pre-
dictions with the initial dark image predictions to re�ne the latter.
In this extended version, we propose an improved, geometry-
aware formulation for the alignment of the daytime predictions
to the dark image, which explicitly incorporates the respective
two-view geometry and performs the alignment bywarping the
daytime predictions to the viewpoint of the dark image. The
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(a) Establishment of image-level correspondences via map guidance (b) Establishment of dense pixel-level correspondences

Fig. 3. Illustration of two components of MGCDA involving the identi�cation of cross-time-of-day correspondences at image level and pixel level.

speci�cation of the guidance functionG in the newly proposed,
geometrically guided re�nement is

G
�
� z (I z ); I z ; � 1(I 1); I 1�

= R
�
� z (I z ); Q(� 1(I 1); I 1; I z )

�
;

(4)
where the fusion functionR is the same as in (3) and the cross
bilateral �lter B has been replaced by a warping functionQ which
maps the daytime predictions to the dark viewI z . This warping
function can be further analyzed as

Q(� 1(I 1); I 1; I z ) = W (� 1(I 1); d(I 1); �T (I 1; I z )) ; (5)

whered(I 1) = d1 is the estimated depth map for the daytime
image and�T (I 1; I z ) is the estimated camera motion between the
daytime view and the dark view. In the remainder of this section,
we present the details of the individual modules of our guided
segmentation re�nement corresponding to functionsB , Q andR.

3.2.1 Cross Bilateral Filter for Prediction Alignment
The correspondences between real images that are used in
MGCDA are not perfect, in the sense that they are not aligned
at a pixel-accurate level. Therefore, to leverage the prediction
for the daytime imageI 1 asguidancefor re�ning the respective
prediction for the dark imageI z , it is necessary to �rst align the
former prediction toI z . To this end, we operate onsoftpredictions
and de�ne a cross bilateral �lter on the initial soft prediction
map S1 = � 1(I 1) which uses the color of the dark imageI z

as reference:

~S1(p)

=

X

q2N (p )

G� s (kq � pk)G� r (kI z (q) � I z (p)k)S1(q)

X

q2N (p )

G� s (kq � pk)G� r (kI z (q) � I z (p)k)
: (6)

In (6), p andq denote pixel positions,N (p) is the neighborhood
of p , G� s is the spatial-domain Gaussian kernel andG� r is the
color-domain kernel. The de�nition of the �lter implies that only
pixels q with similar color to the examined pixelp in the dark
image I z contribute to the output~S1(p), which shifts salient
edges in the initial daytime prediction to their correct position in
the dark image. For the color-domain kernel, we use the CIELAB
version of I z , as it is more appropriate for measuring color
similarity [70]. We set the spatial parameter� s to 80 to account for
large misalignment, and� r to 10 following [10], [70]. In different
settings from ours,� s needs to be scaled proportionally to the
image dimensions.

3.2.2 Depth-Based Warping for Prediction Alignment

An important drawback of the above prediction alignment ap-
proach with a cross bilateral �lter is itsuniform operation on all
image regions, despite the fact that the magnitude of misalignment
between corresponding points in the two views varies across the
image, depending on the depth of the examined points as well as
the particular camera motion between the two views. Furthermore,
in case the magnitude of misalignment is larger than the diameter
of the respective ground-truth semantic segment, there is no
common support between the regions this segment occupies in
S1 andI z , inevitably leading to erroneous outputs of the �lter on
small objects.

In order to address this issue, we explicitly model thetwo-
view geometrywhich pertains to the daytime image and the dark
image at hand, and use the estimated camera motion together
with the depth map for the daytime view to apply a dense pixel-
level warping of the daytime predictions to the target viewpoint
that corresponds to the dark image. In this way, we are able to
capture the diverse magnitudes and directions of pixel �ow within
the image, aligning the daytime predictions accurately in a dense
pixel-level fashion. We illustrate this process in Fig. 3(b).

More formally, we �rst establish dense correspondences from
the pixel grid of the daytime image to that of the dark image.
Consider a pixelp = ( xp; yp)T in the daytime image. We denote
the depth value at this pixel byd1(p). Moreover, we denote the
calibration matrices for the two views byK 1 and K z , and the
transformation from the coordinate system of the daytime view to
that of the dark view, which models camera motion�T (I 1; I z ),
by (R jt ). The pointp0 in the dark image that corresponds to
p is identi�ed by �rst back-projectingp into 3D space and then
reprojecting this 3D point to the dark view, which can be expressed
as

�
p0

1

�
� K z (R jt )

0

@ d1(p)
�
K 1

� � 1
�

p
1

�

1

1

A ; (7)

where� denotes equality up to scale. These dense 2D-2D corre-
spondences enable us to warp the soft prediction mapS1 for the
daytime imageI 1 to the viewpoint of the dark imageI z . Note that
although inverse warping, which would use the depth map of the
target dark view, is known to perform better in the literature [71]
and to avoid discretization artifacts, we choose instead to apply
forward warping, which uses the depth map of the source daytime
view, as shown in (7). The reasoning behind this choice is that a
ground-truth depth map is not available for either of the views and


