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A Dataset for Aerial-to-Street-Level Place Recognition and
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Abstract—Place recognition and visual localization are
particularly challenging in wide baseline configurations. In this
paper, we contribute with the Danish Airs and Grounds (DAG)
dataset, a large collection of street-level and aerial images
targeting such cases. Its main challenge lies in the extreme
viewing-angle difference between query and reference images
with consequent changes in illumination and perspective. The
dataset is larger and more diverse than current publicly available
data, including more than 50 km of roads in urban, suburban
and rural areas. All images are associated with accurate 6-DoF
metadata that allows the benchmarking of visual localization
methods. Additionally, we validate our data by presenting the
results of a simple map-to-image re-localization baseline. that first
estimates a dense 3D reconstruction from the aerial images and
then matches query street-level images to street-level renderings
of the 3D model. The dataset can be downloaded at: https:
//frederikwarburg.github.io/DAG/.

Index Terms—Localization, Mapping, Data Sets for SLAM,
Deep Learning for Visual Perception, Visual Learning

I. INTRODUCTION

EStimating the 6-Degrees-of-Freedom (6-DoF) camera
pose in a known scene map is a core component in

many applications such as autonomous driving, robotics, and
augmented reality. Visual localization pipelines are typically
divided into two stages. First, place recognition methods obtain
a coarse camera pose by finding images from a large database
of registered images that are similar to a given query image.
Second, a visual localization method refines the relative pose
between the retrieved and the query images, in most cases
relying on feature extraction and matching.

Handcrafted descriptors have shown impressive
performance for both place recognition and visual localization
(e.g., [1], [2]), but are limited to small changes in perspective,
illumination and scene structure. In the last decade,
learning-based feature extractors and descriptors have
overcome these limitations, even for drastic appearance
changes such as day-to-night or summer-to-winter. The need
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Fig. 1: Sample images from our DAG dataset illustrating
the challenge of retrieving the closest aerial image given a
street-level query, and of registering the query in the aerial
reference frame.

for training data and fair benchmarking have motivated the
release of many large and challenging place recognition [3],
[4], [5] and localization [6], [7], [8] datasets that focus
especially on appearance and viewpoint changes. Following
this trend, aerial mapping is a particularly interesting
application to study viewpoint invariances.

Moreover, aerial mapping has a wide range of applications.
Compared to street-view mapping, in which drivers or
pedestrians have to traverse every road, aerial images provide a
more scalable method for mapping large areas. The alignment
of multiple mapping sequences is simpler with airplane photos
than street-level sequences, because of the large receptive field
and overlap of aerial images. Compared to satellite photos,
airplanes provide oblique views and higher resolution that
allows for detailed mapping of building facades (e.g. see the
detailed texture on the facade of the power plant in Fig. 1).

This paper contributes to the ongoing research on visual
place recognition and localization with a challenging dataset
presenting extreme viewpoint changes. Specifically, the
Danish Airs and Grounds (DAG) dataset targets visual
place recognition and localization between aerial and
street-level images. DAG contains diverse urban and suburban
environments and is currently the largest and most diverse
dataset of its kind.

To validate the dataset, we implemented a baseline method
for aerial-to-street-level visual localization. We first create
a 3D model from aerial images from which we render
street-level images, thus reducing the view-angle difference
between query and database images. Similarly to [9], we find
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that pre-trained feature descriptors are effective for visual
localization between the rendered and the query images. Our
method, however, comes at the expense of an expensive
3D reconstruction and rendering processes. We hope that
the release of the DAG dataset will facilitate research
in direct visual localization between aerial and street-level
images without the need of rendered views, and that our
implementation will contribute as a valuable baseline.

II. RELATED WORK

Visual localization pipelines are typically divided into place
recognition and6-DoF localization. In this section, we review
the main works in both stages, the most relevant datasets for
visual localization and speci�c works in aerial-to-street-level
localization.

A. Visual Place Recognition

Visual place recognition is often cast as an image retrieval
task, where the goal is to �nd images from the same place as
a query image in a large database of geo-registered images.
The de�nition of same-place varies, but usually two places are
considered the same if they are within a certain distance radius
(25 meters is a common choice). Retrieval methods are more
scalable than full6-DoF motion estimation, but only provide
a coarse localization (that of the closest database image).
Therefore, place recognition methods are often used as an
initial step to constrain the6-DoF localization to a few images.

Classical visual place representations consist of handcrafted
local descriptors aggregated with either Bag-of-Words
(BoW) [10], Fischer vectors [11] or Vectors of Locally
Aggregated Descriptors (VLAD) [12]. Learning place
representations using deep networks has boosted the
capabilities and performance of place recognition. The
architectures consist of a convolutional backbone followed
by a pooling operation, such as max-pooling [13] or
average-pooling [14]. Radenovidet al. [15] proposed a
Generalized Mean Layer (GeM) that learns the norm
of the pooling-operator, and thus generalizes max- and
average-pooling. Arandjelovicet al. [16] proposed NetVLAD,
a deep architecture that also learns the VLAD clusters.
MultiViewNet [17] and Warburget al. [5] incorporate multiple
views to improve retrieval performance. The Bayesian triplet
loss [18] mirrors the triplet loss, but allows a network to embed
images into Gaussian distributions rather than points, and thus
propagate uncertainties to image retrieval. More similar to our
work, Souravet al. [19] explored extreme viewpoint changes
by having query and database images from opposite directions.

B. 6-DoF Visual Localization

Methods for camera localization have traditionally been
classi�ed as either structure-based or regression-based [20].
Regression-basedmethods train a deep network to directly
regress the camera pose from an input image. Some notable
approaches are PoseNet [21], that estimates the absolute pose
of a camera with respect to a scene, and the works by Laskar
et al. [22] and Balntaset al. [23], that estimate the relative

pose between two cameras. However, recent evaluations (Zhou
et al. [24] among others) seems to show that direct pose
regression is less accurate than the more traditional one based
on feature extraction and matching.

Structure-based methods, on the other hand, predict the
pose of the camera by matching features between a 3D model
and 2D query images. Traditional handcrafted descriptors
struggle to match images taken under strongly differing
viewing conditions. [25] tackle large variations in viewing
angle by rendering SIFT features from views with less extreme
view-angle difference. Modern localization methods rely on
convolutional neural networks to extract features that are more
robust to appearance and viewpoint changes. SuperPoint [26]
consists of a convolutional encoder followed by two heads:
one for classifying if a pixel is an interest point, and the
other to encode a feature descriptor. D2-Net [27] has a
single CNN that extracts dense features that serves both as
descriptors and detectors. LOFTR [28], on the other hand,
takes a pair of images as input and via a ViT [29]-based
transformer architecture estimates both keypoints and matches
simultaneously. Another line of research has focused on
learning local descriptors using image level supervision
only [30], [31], [32], [33]. DELF [30] learns a spatial attention
that is used to pool the feature map and can thus be optimized
similarly to retrieval networks, but via the attention mechanism
yields local features. Combining networks that predict both
a coarse place descriptor and local descriptors [34], [35],
[36], [37], [38] have shown to improve both ef�ciency and
robustness.

C. Visual Localization Datasets

Many large localization datasets have been proposed in
recent years, focusing mainly on viewpoint and appearance
changes. Among the most relevantplace recognition datasets
we can cite Nordland [3] with seasonal changes, Tokyo24/7 [4]
with day-night changes, and MSLS [5], which is currently the
largest and most diverse place recognition dataset including
viewpoint, structural, seasonal and day-night changes.6-DoF
datasets include ground truth poses that are typically
obtained from SfM reconstructions or differential GPS.
Oxford Robotcar [6] traverses the same loop100 times
during a year in varying weather and day/night conditions.
Extended CMU Seasons dataset [7], [39] is similarly recorded
with a car-mounted camera. Aachen Day-Night [7], [40]
contains images from hand-held devices and focuses on
day-night changes. The recent ETH-Microsoft [8] covers
indoor environments and challenging day/night appearance
changes. All these datasets only contain street-level images
from ground vehicles or handheld devices. In contrast, our
DAG dataset contains images taken by a ground vehicle and
an airplane.

D. Aerial-to-Street-Level Retrieval and Localization

Aerial-to-Street-Level registration was addressed by Shan
et al. [41]. Similarly to us, they propose a view-dependent
matching process. However, they assume to know the
approximate street-level position from GPS EXIF tags, while
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Fig. 2: The airplane has �ve cameras mounted facing downwards, West, South, North and East. The �gure shows images from
the suburban environment in theLolland sequence and the harbor environment at theNordhavntraversal.

we run a deep place recognition model to obtain such coarse
localization. As a second difference, their 3D reconstructions
are created from the street level, which is only possible when
multiple ground-level images of the same area are available.
We show that accurate 3D models and street-level renders
can be estimated from aerial images This generalizes easily
to scenes with few street-level data.

Lin et al. [42] propose to train a place recognition network
for direct aerial-to-street-level retrieval. They construct a
dataset that covers several large cities with both aerial and
street level images. They train a place recognition network to
be invariant to the extreme viewpoint change between aerial
and street level images. In contrast to their work, we seek to
�nd local correspondences to improve the coarse localization
estimate of the place recognition model.

Reducing viewpoint differences between aerial and ground
images using generative adversarial networks (GANs) was
explored in [43], [44], [45], [46]. These methods are valid
alternatives to our baseline. Note, however, that their view
syntheses come with no guarantees and might produce
low-level artifacts that affect the localization performance.

[47] is the most similar to our work, releasing a2
kilometers-long sequence captured by a drone in Zürich and
Google Maps images from the same places. Our DAG dataset
is signi�cantly larger, covering over50 kilometers in more
diverse urban and suburban environments. Their ground-truth
car poses come from GPS and have limited accuracy. In
contrast, our street-level images are annotated with differential
GPS and are thus more accurate.

III. T HE DANISH A IRS AND GROUNDS (DAG) DATASET

DAG contains aerial and street-level images from urban,
suburban and rural regions in Denmark1. The airplane photos
are taken by �ve cameras; one facing vertically downward,
and four oblique views facing each of the world corners (East,
West, North, South). The images were recorded by The Danish
Agency for Data Supply and Ef�ciency in 2017 and 2019. See
Fig. 2 for examples or visit their website for an interactive look

1The access to the data was possible thanks to the open access policy of
the Danish Government, c.f. https://dataforsyningen.dk/.

at the images2. The airplane photos are recorded at an150
meter altitude and with a spatial frequency between20 � 70
meter. Their associated poses are in principle within5 meter
precision, which is further improved by visual alignment and
multi-view reconstruction.

Fig. 3: The �ve DAG sequences cover a large geographical
area in Denmark. The sequences are captured at urban,
suburban and rural regions, as highlighted with an example
image from each sequence. The four red sequences are used
for the training set and the blue sequence kept as the test set.

The street-level images are recorded with a Ladybug5+
by the Danish Road Directory. Fig. 3 shows the location
of the �ve sequences; theNordhavn sequences consist of
three sequences recorded in an urban harbor environment
from a boat and a car. TheMotorring 3 sequence is a
suburban road around Copenhagen, theRoskildevejsequence
is in a urban environment, and both theSkagenand Lolland
sequences are from rural areas in Denmark. The recorded
sequences cover more than50 km and have more than11; 000
panoramic images, which we project into four perspective

2https://skraafoto.kortforsyningen.dk
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