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Abstract: In this paper, a vision-based method is proposed to globally localize an unmanned aerial vehicle (UAV) flying in
the urban scenarios using Google Street View as prior information. Since the trajectory of the UAV with absolute scale cannot
be recovered with the help of monocular visual odometry only, we leverage the known positional information of Google Street
View to localize vehicles with respect to the surrounding buildings. First, a place recognition algorithm is presented to solve
air-ground matching problem by searching aerial images taken from onboard camera within the geotagged image database. Then
based on the matched images by place recognition and tracked features via visual odometry, a novel absolute scale estimation
mechanism is proposed to estimate the pose of UAV in the real world coordinate system and to correct the scale drift of visual
odometry. Furthermore, the pose graph with UAV’s poses as vertexes and relative transformations as edges is optimized with
SE(3) constraints to get trajectory of UAV in the real world coordinate system. Experiments are conducted on a 2km dataset
recorded onboard by a camera-equipped UAV flying in the urban streets of Zurich, Switzerland, and the results show that our
method is able to metrically localize the UAV without previously visiting or building 3D models in advance.
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1 Introduction

In recent years, there has been a growing interest in re-

search on autonomous visual navigation of robots. Vision-

based methods have advantages that the camera is cheaper,

safer and more compact compared with other active sensors

such as laser range finder, and it is more reliable than GPS

when robots in dense downtown cores where GPS signals

might be blocked. There are numerous works on vision-

based navigation of both unmanned ground vehicles (UGVs)

and unmanned aerial vehicles (UAVs). During the past years,

rapid progress in navigation of UGVs leads to striking new

technologies like self-driving which can map and track ve-

hicles in uncertain street environments with cameras [2]. As

for UAVs, one approach is to use a set of external cameras

to track the vehicle, which cannot be applicable to naviga-

tion in large outdoor environment [3]. Alternatively, some

researchers make use of onboard cameras for landmark de-

tection with requirements of prior knowledge of landmarks

[4]. In order to estimate the pose of vehicles as well as the

position of visual landmarks especially in unknown environ-

ments, visual simultaneous localization and mapping (vS-

LAM) or visual odometry (VO) are proposed and widely ap-

plied [5, 7].

One of the most important reasearch subjects of vision-

based navigation is outdoor navigation for its various ap-

plication in people’s daily life. Outdoor navigation faces

more challenges such as changes of illumination. To solve

the problem of outdoor navigation, image-based localization

with monocular camera has been studied over many years.

The image retrieval technique is often applied to image-

based localization to recognize the query location. Street

View images are usually used to form image database for

querying, since they are public and easy to be obtained. Con-

sidering the problem of localizing a camera-equipped UAV

flying in the outdoor urban streets at low altitudes (i.e. 10-20

This work is supported by National Natural Science Foundation

(NNSF) of China under Grants 61374034 and 61210012.

m from the ground), we use Google Street View images for

providing prior information. The image retrieval-based lo-

calization can be categorized as localization recognition and

fine localization methods [8]. We review some recent works

of each category as follows.

In the first category, the problem of image matching is

studied to find the best match of images captured by moving

cameras in the street view images database. In [10], the au-

thors extract SIFT descriptors from 100,000 Google Street

View images to establish trees which are then searched by

a nearest-neighbor method. Zheng Wang et. al [11] pro-

pose a faster scheme for partitioning geo-tagged reference

image database by constructing a topic model to divide the

reference dataset into scene groups, and the query image is

localized by searching the visually similar images in each

scene group using fast library for approximate nearest neigh-

bors (FLANN) [22]. A memory scalable image localization

system is presented in [12], which uses distributed kd-trees

created on overlapping geographic cells. In [14], the method

utilize GPS module along with inertial sensors to calculate

the Estimated Position Error (EPE) to limit the number of

candidate images and then all those of candidate images are

fed to a homography verification algorithm to find the best

match feature in the database. Majdik et al. [15] use street

view images to localize a UAV by matching images obtained

from onboard camera to Street View images which called

air-ground matching. Their key contribution is matching

images with strong view point changes using Affine-SIFT

(ASIFT) [6]. Conversely, the problem of matching images

captured from a UGV to satellite imaginary is studied to lo-

calize the vehicle, which called Ground to Satellite Match-

ing [16]. They warp the ground-based panoramas to form

the top-down view of the scene that are compared to a grid

of satellite locations with Bayesian Localization framework.

The methods described above just solve the problem of place

recognition and roughly locate the vehicles in the outdoor

environment.

In the second category, a few methods are proposed based
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on place recognition. 2DTriPnP [8] is a 2D and robust fine

localization method using Google street view. It utilizes the

projective geometry in two dimensions and solves nonlin-

ear equations to estimate the location of a query image. In

[17], the authors formulate the image-localization problem

as a regression on an image graph with geo-tagged images

as nodes and edges connecting close-by images. With lin-

ear combination of image feature vectors along edges, they

find subset of geo-tagged images database and predict the

query location by interpolating locations of matched images

in the graph. The two methods mentioned above merely pro-

vide fairly accurate 2D positions. Pratik et.al [18] model the

problem of fine localization as a non-linear least squares esti-

mation in two phases. They estimate 3D position of points in

the environment from a short monocular trajectory and then

find matched panoramas to compute the 6DOF transforma-

tion between the moving camera imagery and the geo-tagged

rectilinear panoramic views. The problem of absolute scale

is solved by combining visual odometry and IMUs to gen-

erate accurate visual-inertial odometry (VIO). 3D prior in-

formation of surroundings are also used to localize vehicles.

A three-step approach for global metric localization of 3D

vehicle trajectories from dashcam videos in the wild is pro-

posed by ShaoPin Change et. al [19]. In order to get global

metric localization, they align the 3D trajectory recovered

from Structure from Motion (SFM) to a global metric 3D

map created from RGBD Panoramic Google Street View. In

[20], street Views panoramas with their depth map offline

are trained as a Bag of Words (BoW) database and metric

urban localization is completed by matching 3D Street View

points to a moving monocular camera. Besides, Majdik et al.

extend their work on place recognition [15] by establishing

3D models of buildings using Google Street View to get the

trajectories of UAV [1].

Accurate localization is extremely important for UAVs to

complete tasks, such as aerial photography, goods delivery

and telepresence in the case of accidents. In this paper,

we deal with the problem of localizing the poses of UAVs

equipped with a monocular camera when flying in urban

streets at low altitude. Google Street Views are considered as

a database of accurate geo-tagged imagery to provide prior

information. Our work belongs to fine localization which is

complementary to those place recognition algorithms. Un-

like works in [1, 19, 20], we are not interested in using the

panoramas to build an accurate large 3D model of the envi-

ronment in advance. Instead of getting 2D positions only,

we aim at recovering 6DoF poses of UAVs without building

new large scale maps where Street View exists. Our method

consists of two steps. Firstly, a place recognition algorithm

is presented to solve air-ground matching problem [1]. Sec-

ondly, a novel absolute scale estimation mechanism is pro-

posed to recover the poses of UAV in the real world coordi-

nate system based on the matched images, and map points

and camera poses via visual odometry. Furthermore, the tra-

jectory is optimized with SE(3) constraints.

The main contributions of this paper are as follows: (1)

an effective vision-based global localization method is pre-

sented to estimate the poses of UAVs relative to the sur-

rounding buildings and recover the trajectory of vehicles in

the real world without building cadastral 3D models or land-

marks; (2) an absolute scale estimation mechanism is pro-

posed to estimate the absolute scale and correct the accu-

mulated drift and scale drift induced by monocular visual

odometry.

The rest of the paper is organized as follows. Section

2 overviews the framework of our method. Section 3 in-

troduces the place recognition algorithm about air-ground

matching problem. Section 4 describes the metric localiza-

tion method for UAV in detail, including tracking features in

an image sequence, absolute scale estimation and trajectory

optimization. Section 5 presents the experimental results.

Finally conclusions are given in Section 6.

2 Overall Framework

Our motivation is to create a vision-based localization

method for the UAV flying in the urban scenarios with the

help of Google Street View images. In fact, we formulate lo-

calization as the problem of estimating the position of street

view images relative to monocular image sequences obtained

from the onboard camera of UAV. Our method only makes

use of the monocular camera and visual odometry estima-

tion, and it consists of two steps: place recognition and met-

ric localization.

Firstly, the global positions of the UAV are recovered

by recognizing visually-similar discrete places in a Google

Street View database. Namely, the image of buildings in

the streets captured by the UAV is searched in the database

of geo-tagged pictures. Since geo-tagged images are usu-

ally obtained by the cameras installed on the ground vehi-

cle, they cannot be used directly for UAV localization. This

problem is called air-ground matching due to the large dif-

ference in viewpoint between the air-level images from UAV

and ground-level images [1]. In addition to common chal-

lenges of vision-based localization such as the large changes

of illumination, lens distortion and season variation of vege-

tation, the extreme changes in viewpoint and scale makes air-

ground matching problem more difficult to be solved. The

matching problem is settled by generating virtual views just

like [1], and a coarse-to-fine scheme with histogram-voting

is proposed.

Secondly, the 3D positions of map points in the environ-

ment are estimated from an aerial image stream using ORB-

SLAM without loop closing thread [7], and the 6DoF trans-

formation of matched street view images with respect to the

camera trajectory are computed with PnP-RANSAC. Since

the GPS positions of Google Street Views are known, the

absolute scale of visual output and the onboard camera po-

sitions relative to the positions of street view images can be

estimated. After pose graph optimization with SE(3) con-

straints, the trajectory of UAV in the real world coordinate

system can be recovered. Fig. 1 illustrates the structure of

our method.

Our method is to metrically locate UAV and recover its

trajectory in the real world coordinate system with prior in-

formation. In this work, the construction of a consistent map

and previously visiting the environment are not required,

which means this method is not to compute the loop closures

for environment reconstruction. Experiments are conducted

on the dataset provided by Robotics and Perception Group
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Fig. 1: Structure of our method

from University of Zurich1. The dataset includes aerial UAV

images along a 2km trajectory and 113 Google Street View

images covering the area where UAV flies.

3 Place Recognition: Air-ground Matching of Im-
ages

In this section, the place recognition algorithm about air-

ground matching problem is described in details. In order

to match monocular images from UAV with Google Street

Views accurately and quickly, a coarse-to-fine scheme is pro-

posed for match selection. We constitute a candidate set of

Google Street View images with a histogram-voting mech-

anism at first and then select the best match from the can-

didates, which means visually-similar discrete places is rec-

ognized in a Google Street View database. A pseudo-code

description is given in Table 1. Please note that line 1 of the

algorithm is computed off-line. In this step, Google Street

View images I = {I1, I2, ..., In} are converted into image

features using ASIFT descriptors and are saved in a database

DT .

Table 1: Place Recognition Algorithm

Input: An aerial image Ia taken by onboard camera of UAV

Output: Ia’s best match Ib in Google Street View database

I = {I1, I2, · · · , In}
1.DT = database of all the image ASIFT features of I
Train DT using FLANN

2.Fa= extract ASIFT image features of Ia
3.Search approximate nearest neighbor feature matches for Fa

in DT : MD = ANN(Fa, DT )
4.Select c images as a candidate set IP ⊆ I using histogram-

voting scheme IP = {IP1 , IP2 , ..., IPc }
5.Run in parallel for j from 1 to c

{ Search approximate nearest neighbor feature matches for Fa

in FP
j : Mj = ANN(Fa, F

P
j );

Select inlier points:Nj = kV LD(Mj , Ia, I
P
j )}

6. Ib ← max (N1, N2, ..., Nc)
7.return Ib

In the step of coarse match selection, the purpose is

selecting a fixed number of candidate images IP =
{IP1 , IP2 , ..., IPc }. First of all, we need represent images

with appropriate feature detector and descriptor. There are

many common point feature detectors and descriptors, such

as SIFT, BRISK etc. Although these detectors and descrip-

tors are invariance to rotation and scale to some extent, they

may fail in the case of substantial viewpoint changes. Aim-

ing at solving air-ground matching problem, our approach

makes use of ASIFT descriptors to generate virtual views

1Dataset is download from http://rpg.ifi.uzh.ch.

and extract features. ASIFT is a method to simulate all im-

age views obtained by varying the two camera-axis orienta-

tion parameters [6], i.e. the latitude angles (θ) and longi-

tude angles (φ) shown in Fig 2. Thus the definition of tilt

is tilt = 1
cos θ . ASIFT detector and descriptor are realized

by sampling various values for the tilt and longitude angle

φ to compute virtual views of the image. Next, SIFT fea-

tures are detected on the original and artificially-generated

images. Considering the air-ground geometry, we limit the

number of tilt values and just use three virtual simulations,

i.e. at 0◦ and ±40◦ just as presented in [1].

Fig. 2: Sampling parameters for virtual view generation

After extracting ASIFT features of the aerial image Ia,

the approximate nearest neighbors for all the image features

extracted from Ia and its virtual views are searched using

FLANN [22] for the purpose of rapidity. Next, a histogram-

voting scheme is utilized to find a fixed number of specific

Google Street View images that indicates the most features

with the same angular change. A two-dimensional histogram

is built, in which each bin contains the number of approxi-

mate nearest neighbors of features that count for different

virtual views in a certain image in the database. Finally, we

can select top c database images to form a candidate subset.

Having selected c candidate images IP =
{IP1 , IP2 , ..., IPc }, we look for the best match for the

UAV image in the step of fine match selection. The search

process can be completed in parallel. As shown in Table 1,

the approximate nearest neighbor of every feature of aerial

image Fa is searched in each candidate IPj . In order to

select inlier points and correctly match features, Virtual

Line Descriptor (kVLD)[9] and epipolar constraints are

used instead of traditional RANSAC-based approaches. The

candidate image that has maximum number of matched

inlier points is considered as the best match for aerial image.

The vision-based place recognition algorithms are evalu-

ated in terms of recall rate and precision rate. One of the

most important evaluation criteria for place recognition is

recall rate at precision 100%, which represents the true posi-

tive detections over the total number of possible matches de-

tected [15]. Our place recognition algorithm is tested on the

dataset1, and the recall rate is 48.6% at precision 100%. The

confusion matrix2 is used as another visualization to show

the result, as shown in Fig 3. Here, the confusion matrix il-

lustrates the visual similarity between all the aerial images

from UAV camera and all the Google Street View images.

We make use of heat maps to display the confusion matrix.

In Fig 3, the white color represents no visual similarity, while

the blue or red coclor is complete similarity. Thereinto, the

blue is for the ground truth and the red denotes the results of

2https://en.wikipedia.org/wiki/Confusion matrix

4674Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on October 18,2023 at 04:39:44 UTC from IEEE Xplore.  Restrictions apply. 



our method. An ideal place recognition algorithm would de-

tect a confusion matrix coincident to the ground truth. From

Fig 3, the result of our method is generally consistent with

ground truth matrix without strong deviation, namely all the

recognized places are correct except some places do not be

matched with the database images. Our method plays a good

performance.
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Fig. 3: Confusion matrix of our method and ground truth

4 Metric Localization of UAV

This section illustrates how to estimate 6DoF poses of fly-

ing vehicle in the global coordinate system on the basis of the

place recognition algorithm presented in the previous sec-

tion. Avoiding building cadastral 3D models or landmarks

in advance like [1, 19, 20], we use the tracking and mapping

threads of ORB-SLAM [7] to track features in an image se-

quence taken by onboard camera to get 3D positions of map

points, propose absolute scale estimation mechanism and op-

timize trajectory with SE(3) constraints on pose graph.

4.1 Feature Tracking in Image Sequence
The tracking and mapping threads of ORBSLAM [7] is

utilized as visual odometry to get 3D map points and the

poses of UAV. The input is an aerial image stream S =
{s1, s2, ..., sm} obtained from a monocular camera. Please

note that the 3D positions of map points are in the SLAM

world coordinate system, not in the real world coordinate

system. SLAM world coordinate system does not have the

absolute scale due to the characteristics of monocular prob-

lem, while the real word coordinate system is with the abso-

lute scale. Besides, the trajectory of UAV does not have an

absolute scale since its a monocular problem.

ORB features is chosen to represent images. At first, the

relative pose between two images is computed by triangu-

lating an initial set of map points to create initial map. It’s

achieved by extracting ORB features in the current image

searching for matches in the reference image and computing

in parallel two geometrical models, namely a homography

and a fundamental matrix. Finally a heuristic is used to select

a model to recover the relative pose. After map initialization,

the tracking thread is in charge of localizing camera with

every image and deciding when to insert a new keyframe.

Once tracking was successful for last image si−1, a constant

velocity motion model is utilized to predict the camera pose

of si and build a local visible map with the help of the covis-

ibility graph of keyframes. Then the map is reprojected into

the image si to search more map point correspondences, and

camera pose is optimized with all matches. Finally the track-

ing process decides whether a new keyframe is inserted. In

the local mapping process, local Bundle Adjustment (BA) is

applied to achieve an optimal reconstruction of map points

and camera poses after keyframe insertion, recent map points

culling and new map point creation. Fig 4 shows an overview

of tracking and mapping threads of ORB-SLAM system.

Fig. 4: Tracking and mapping threads of ORB-SLAM

Once the best match gj of an image si in the Google Street

View database can be found, we have 2D coordinates of

matched points in Google Street View image and 3D posi-

tion of map points from tracking. Then PnP-RANSAC is ap-

plied to estimate the relative pose between matched Google

Street View image and image si, which means the pose Tjs

of Google Street View image gj in the SLAM world coordi-

nate system without absolute scale can be recovered.

4.2 Absolute Scale Estimation Mechanism
The pose of onboard camera estimated by visual odometry

must be converted in metric unit, so absolute scale should be

estimated with the help of known GPS positions of matched

GPS Street View images. The iterative method presented in

[21] is used to compute the absolute scale.
When two different Google Street View images are

matched with aerial images taken by UAV camera, we can
get the distances between the two places both in SLAM
world coordinate system dsi and in real world coordinate
system dgi. As UAV flying, we obtain a set of pairs
{(ds1, dg1), (ds2, dg2), ..., (dsn, dgn)}. However, both mea-
surements are inaccurate due to measurement noise. So ap-
proximately there is dsi ≈ λdgi, where λ is the absolute
scale. Assume the measurement noise is Gaussian with con-
stant variance, namely

dgi ∼ N(μi, σ
2
g)

dsi ∼ N(λμi, σ
2
s)

(1)

where μ1, ..., μi denote true but unknown distances and

σ2
g , σ

2
s are the variances of the measurement errors.

The problem of scale estimation can be considered as
a maximum likelihood estimation. One approach to solve
this problem is to minimize the following negative log-
likelihood

£(μ1, μ2, ..., μn, λ) ∝ 1

2

n∑
i=1

(
(dsi − λμi)

2

σ2
s

+
(dgi − μi)

2

σ2
g

)

(2)

By solving ∂£/∂μi = 0, ∂£/∂λ = 0, we can get a unique
and global minimum

λ∗ =
hss − hgg +

√
(hss − hgg)2 + 4h2

sg

2σ−1
s σghsg

(3)
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where ⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

hss = σ2
g

n∑
i=1

d2si

hgg = σ2
s

n∑
i=1

d2gi

hsg = σsσg

n∑
i=1

dsidgi

When a new pair of measurements comes, the scale λ∗ is

updated by formula (3).

If the number of measurement pairs is small, the estima-

tion of scale is not converged. Besides, scale drift exists with

monocular problem. So a scale-chosen mechanism is pro-

posed. In each iteration, we record the scale λi, and com-

pute average λaver and standard deviation σi
λ of every three

scales {λi−2, λi−1, λi}. Two threshold values are settled,

i.e. rin and rout. If
σi
λ

λaver
≤ rin, λi is chosen as the absolute

scale λ∗. When
σj
λ

λaver
≥ rout, we consider that the scale

has changed, that is to say the scale between iteration i and j
can be considered basically invariant. The position of UAV

camera between iteration i and j given by VO is scaled to

λi. Then restart to compute the scale from j+1 and another

absolute scale is estimated if
σm
λ

λaver
≤ rin(m ≥ j + 1). We

call this process scale-reset.

To demonstrate the scale estimation mechanism, we con-

duct an experiment on the dataset1. We set rin = 0.04 and

rout = 0.02. The values of λ∗ and
σi
λ

λaver
in each iteration

are depicted in Fig 5, where green dashed line represents

the moment when
σi
λ

λaver
≤ rin, which means we can con-

sider the scale as absolute scale, and red dashed line denotes

the moment when
σj
λ

λaver
≥ rout, where the scale starts to

change.
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Fig. 5: Absolute scale λ∗ and σλ/λ in each iteration

With the help of the scale estimation mechanism, the

scaled positions of UAV in metric unit is recovered.

4.3 Trajectory Optimization and Global Metric Local-
ization

As the positions of UAV with the absolute scale is recov-

ered, these positions can be converted to the real world co-

ordinate system. To localize the UAV in the real world co-

ordinate system, computing the relative pose Tgs between

the real word coordinate and SLAM world coordinate sys-

tem with absolute scale is indispensable. The pose in SLAM

world coordinate frame Tjs can be recovered from vSLAM,

and then can be converted in metric unit with absolute scale

using scale estimation scheme, which is denoted as Tλ
js. As

GPS positions of the matched Google Street View images

and onboard attitude data are known, the pose in the real

word coordinate system Tgj can be obtained. Tgs is com-

puted by Tgs = Tgj · Tλ
js. According to the absolute scale

estimation mechanism, Tgs in different scales is computed

when
σi
λ

λaver
≤ rin. Finally, the trajectory of UAV in the real

world can be recovered.

Due to the absolute scale estimation mechanism designed

to solve scale-drift problem, there is a phenomenon we

called scale-abruption. If
σi
λ

λaver
≤ rin and

σj
λ

λaver
≥ rout,

the poses between iteration i and j are scaled to λi. Then the

scale should be recalculated from iteration j+1 and another

absolute scale will be gotten if
σm
λ

λaver
≤ rin(m ≥ j + 1).

As a result, scale-abruption is mainly reflect in those poses

between iteration j and iteration m with unknown scale as

shown in Fig 6. So a pose graph optimization is performed

over SE(3) constraints to distribute the scale error along the

whole trajectory.
Given a pose graph of binary edges, the error in an edge

can be defined as:

eij = logSE(3) (TijTjωT
−1
iω ) (4)

where Tjω ,Tiω are the poses of UAV in trajectory, and Tij is
the relative SE(3) transformation between Tjω and Tiω just
before the pose graph optimization. The logSE(3) [13] trans-

forms to the tangent space, so that the error is a vector in R
6.

The goal is to optimize the SE(3) poses in the trajectory by
minimizing the cost function:

C =
∑
i,j

eTijΛijeij (5)

where Λij is the information matrix of the edge, which we

set to the identity.

Fig. 6: Vertexes and edges in SE(3) optimization

Applying g2o frame to optimize pose graph, the setting of

vertexes and edges is illustrated in Fig 6. After pose graph

optimization, the optimized trajectory of UAV in the real

word coordinate system can be recovered.

5 Experimental Results

To demonstrate the feasibility of our visual global local-

ization method, experiments are carried out on the dataset1

recorded onboard by a camera-equipped UAV flying in the

urban streets of Zurich, Switzerland, at low attitudes (10-20

meters above the ground). This 2km dataset, which includes
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time synchronized aerial images, GPS and IMU sensor data,

ground Google Street View images and ground truth data,

can be considered as a benchmark to evaluate appearance-

based localization. The real world coordinate system as ref-

erence frame is International WGS 84/UTM zone 32N co-

ordinate system. Since the coordinate values in the Interna-

tional WGS 84 / UTM zone 32N are very large, we convert

the real world coordinates to local coordinate system to de-

pict trajectories for better illustration, as shown in Fig 7 and

Fig 8.

Firstly, ORB-SLAM is tested on the dataset without using

Google Street View information, and the ground truth path

(in red) and the UAV positions estimated by ORB-SLAM

(in blue) are shown in Fig 7. In fact, the poses estimated by

monocular vSLAM don’t have absolute scale, so these poses

are unified to the same scale as the ground truth to make

a comparison. As shown, the estimated positions by ORB-

SLAM are inaccurate, especially in the latter half of the tra-

jectory as a result of scale drift and lack of loop closure. The

trajectory in the real word coordinate system cannot be re-

covered without absolute scale and scale drift is difficult to

be corrected using vSLAM only.
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Fig. 7: Comparison between ground truth path and trajectory

estimated by ORB-SLAM

Then the global positions of UAV with absolute scale and

the trajectory optimized with applying SE(3) constraints to

pose graph are recovered with absolute estimation mecha-

nism and optimization method we propose. Fig 8 depicts un-

optimized trajectory (in blue) with absolute scale estimation

only, optimized trajectory (in green) with SE(3) optimization

over pose graph and ground truth path (in red).

From Fig 8, we can see that optimizing pose graph with

SE(3) constraints can distribute the scale error along the tra-

jectory when comparing unoptimized trajectory and opti-

mized trajectory. The ”scale-abruption” is eliminated after

optimization. This figure shows how the pose graph opti-

mization improves localization over the unoptimized. The

errors between estimated position and ground truth both in

unoptimized and optimized trajectory are plotted below in

Fig 9. The dashed lines represent the position errors between

unoptimized poses and ground truth in three axes, while the
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Fig. 8: Comparison results of trajectories

full lines represent the position errors of optimized trajec-

tory.
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Fig. 9: Position errors in x, y, and z axis direction

As shown in Fig 9, position errors of optimized trajectory

are mostly within 10 m, while the errors of unoptimized tra-

jectory reach up to 40 m. Thus it can be seen that position er-

rors can be reduced after pose graph optimization, especially

when ”scale-abruption” occurs. Besides, the optimized tra-

jectory is smoother than the unoptimized trajectory.

Experimental results demonstrate that our method per-

forms well in recovering the UAV trajectory in the real world

coordinate system with the help of Google Street View im-

ages.

6 Conclusions

In this paper, a novel method of global metric localization

using Google Street View is implemented to recover the pose

of UAV with a monocular camera in the real world coordi-

nate system. On the basis of a state-of-the-art visual SLAM

algorithm and air-ground matching method, a novel absolute

scale estimation mechanism and pose graph optimization are
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completed to recovery the 6DoF pose of the UAV in metric

unit and correct the accumulated drift. This method consists

of two steps, namely place recognition and metric localiza-

tion. In the first step, a coarse-to-fine scheme for match se-

lection is proposed to match monocular images with Google

Street Views accurately and quickly. Secondly, a novel abso-

lute scale estimation mechanism is presented to compute the

absolute scale and the poses are optimized with SE(3) con-

straints to recover trajectory and correct scale drift induced

by monocular vSLAM. Experiments are conducted on the

dataset recorded in the urban streets of Zurich, Switzerland,

and results show that our method is able to metrically local-

ize an UAV without pre-visit locations to build a map where

Street View exists. The approach can be regarded as a com-

plement of GPS to localize the UAV’s positions in the real

world coordinate system. We believe that our method paves

the way towards a new convenient and widely used urban

localization for the UAV.
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