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Abstract

In most autonomous driving applications, such as
parking and commuting, a vehicle follows a previously
taken route, or almost the same route. In this paper,
we propose a method to localize a vehicle along a previ-
ously driven route using images. The proposed method
consists of two stages: offline creation of a database,
and online localization. In the offline stage, a database
is created from images that are captured when the vehi-
cle drives a route for the first time. The database con-
sists of images, 3D positions of feature points estimated
by structure-from-motion, and a topological graph. In
the online stage, the method first identifies the database
image that is most similar to the current image by topo-
metric localization, which considers topological infor-
mation on a metric scale. The vehicle poses are then
estimated from the 3D-2D correspondences of match-
ing feature points between the current image and the
identified database image. In an experiment, we esti-
mated vehicle poses using images captured in an indoor
parking lot.

1 Introduction

One of the fundamental requirements of an au-
tonomous vehicle is the ability to determine its loca-
tion on a map. Solutions to this localization problem
frequently rely on GPS or expensive three-dimensional
(3D) sensors [1]. Although GPS is a simple, low-cost
solution, GPS signals are often unavailable due to oc-
clusions in urban areas or indoors. 3D sensors are also
used to help localize vehicles. However, 3D sensors are
expensive, and may not be sufficiently durable due to
rapidly moving internal parts.

In this study, in order to localize a vehicle, we use a
camera that is inexpensive and can be used in many sit-
uations. We focus on the fact that in most autonomous
driving applications such as parking and commuting,
a vehicle follows a previously taken route, or almost
the same route. Thus, we propose a method to local-
ize a vehicle along a previously driven route by using
an image database. The proposed method estimates
the camera pose which is related to the vehicle pose by
assuming that the transformation between the camera
coordinate system and the vehicle coordinate system
is known. As shown in Figure 1, the proposed method
consists of two stages:

Offline creation of image database: An image
database is created from images that are captured
when the vehicle drives a route for the first time. This
database consists of images, 3D positions of feature
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points estimated by structure-from-motion (SfM) [2],
and a topological graph for topometric localization [3].

Online localization: The vehicle is localized using
the image database and the current image by following
three steps. First, we identify the database image that
is most similar to the current image by topometric lo-
calization [3]. Next, we estimate the 2D-2D correspon-
dences of feature points between the current image and
the identified database image in order to obtain 3D-2D
correspondences of the feature points for the current
image. The vehicle pose is then estimated from these
3D-2D correspondences by solving the perspective-n-
point (PnP) problem.

2 Related Work

In this study, we present only a small sampling of
the approaches that are most related to estimating a
vehicle pose along a previously driven route using an
image database. These approaches can be classified
into two types: topological localization-based methods
and SfM-based methods.

2.1 Topological localization-based methods

Topological localization [3, 4] is a method that iden-
tifies the database image that is most similar to the
current image. This method is efficient for vehicles
that follow a previously taken route or almost the
same route by considering topological information such
as the spatio-temporal connections between sequential
images. Some approaches combine topological localiza-
tion and epipolar geometry [5] to estimate the current
vehicle pose. Kosecka et al. [6] uses two-view geometry
to estimate the relative pose between the current im-
age and the identified database image. However, the
scale of the relative pose cannot be estimated using
two-view geometry. Murillo et al. [7] uses three-view
geometry to estimate the relative poses between the
current image and two database images (the identified
image and its neighbor). In this case, the scale can be
determined with respect to the distance between the
camera positions of the database images.

The proposed method is also a topological
localization-based method. Our contribution to exist-
ing topological localization-based methods is the use
of SfM [2], which is more precise than three-view ge-
ometry.

2.2 SfM-based methods

SfM-based methods estimate the current camera
pose from the 2D positions of feature points in the
current image and their 3D positions obtained by SfM
from database images. The problem of estimating cam-
era pose from 3D-2D correspondences is well-known as
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Figure 1. Flow of the proposed method

the PnP problem, for which there exist many solvers.
The challenge that persists, though, is how to obtain
the 3D-2D correspondences.

Taketomi et al. [8] estimates a tentative camera
pose by tracking feature points temporally. Correspon-
dences are then searched for only among those feature
points that are projected onto the tentative camera’s
field of view. However, feature point tracking some-
times fails. Irschara et al. [9] uses image retrieval tech-
nique, which can identify the image that is most similar
to the current image from among many images. Cor-
respondences are then searched for only among those
feature points that are in the identified image. How-
ever, image retrieval techniques only consider image
features (e.g., SURF descriptors), and do not consider
the topological information.

The proposed method is also an SfM-based method.
Our contribution to existing SfM-based methods is the
use of topometric localization [3], which is more effi-
cient than the image retrieval technique by considering
the topological information on a metric scale.

3 Offline Creation of Image Database

In our method, the database is created from images
that are captured when the vehicle drives a route for
the first time. The database consists of images, the
3D positions of feature points estimated by SfM, and
a topological graph for topometric localization.

Structure-from-motion: We use VisualSFM [2],
which is a state-of-the-art implementation of SfM, in
order to obtain the 3D positions of feature points and
camera poses. Since SfM cannot estimate the metric
scale, which is required to estimate the vehicle pose on
a metric scale in online localization, we measure the to-
tal driving distance using an odometer, which is stan-
dard equipment on ordinary vehicles. Specifically, the
scale is determined by adjusting the total driving dis-
tance obtained by SfM based on the distance obtained
by the odometer. In this way, metric 3D positions of
the feature points and camera poses are obtained.

Creation of graph for topometric localization:
We create a graph for topometric localization as in
[3], except that the camera positions are estimated by
SfM instead of GPS.
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4 Online Localization

The vehicle is localized by using the image database
and the current image in the following three steps.

Topometric localization: We first identify the
database image that is most similar to the current im-
age using topometric localization [3].

Feature matching: We next estimate the 2D-2D cor-
respondences of feature points between the current im-
age and the identified database image in order to ob-
tain the 3D-2D correspondences of the feature points
for the current image. We use SiftGPU [10], a GPU
implementation of SIFT feature, to achieve real-time
processing.

Estimation of camera pose from 3D-2D corre-
spondences: In the feature matching stage, 2D-2D
correspondences between the current image and the
identified database image are obtained. We also esti-
mated the 3D positions of the feature points for the
database image in the offline stage. By combining
these, we can obtain the 3D-2D correspondences of fea-
ture points for the current image. We then estimate
the camera pose from these 3D-2D correspondences by
solving the PnP problem. To do this, we simply use
OpenCV’s solver, which non-linearly minimizes the re-
projection errors. We also apply RANSAC to reject
outlier feature matches. If the number of inlier matches
is smaller than a threshold, the estimated camera pose
is ignored as a failure. In our experiment, the thresh-
old was set to 6, which is the minimum number needed
to solve the PnP problem linearly.

5 Experiment

In order to test the effectiveness of the proposed
method, we evaluated its accuracy quantitatively by
using image sequences captured in an indoor parking
lot.

5.1 Experimental setup

We used a vehicle equipped with a sensor suite to
evaluate our method. A camera was mounted on the
roof of the vehicle. It was oriented approximately 45°
to the right of a straightforward direction, and was
configured to acquire 1024 x 768 pixel images. The
vehicle was able to output its driving distance as with
ordinary vehicles.
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Figure 2. Examples of the input images (right),

Two image sequences were captured in an indoor
parking lot on different days by manually driving a
route that describes a loop between an entrance and
a parking space. One of the sequences was used for
creating a database, and the other was used as input
for online localization. Reference poses that were used
to evaluate the accuracy of the estimated poses were
estimated by offline SfM [2]. This offline SfM used
feature matches among all the images and took a long
time to achieve accurate estimation.

5.2 Localization results

Figure 2 shows examples of the input images, the
database images identified by topometric localization,
and the results of feature matching between these im-
ages. Figure 3 shows the vehicle poses and 3D po-
sitions of feature points for the database images, the
estimated vehicle poses by the proposed method, and
the reference vehicle poses. On the entire route, except
for the last quarter, the estimated vehicle poses were
almost the same as the reference vehicle poses despite
changes in the illumination (Figure 2(b)) and the en-
vironment (Figure 2(c)). However, on the last quarter
of the route, the estimated vehicle poses were unsta-
ble because the same car parked in a different place
(Figure 2(d)). Failures also occurred due to errors in
the topometric localization (Figure 2(e)) and signifi-
cant changes in the illumination and the environment
(Figure 2(f)).

Figure 4 shows histograms of the errors by compar-
ing the estimated vehicle poses with the reference vehi-
cle poses. Table 1 shows the average computation time
of the proposed method, which was obtained using a
PC with an Intel Core i7-2600k 3.40 GHz CPU and an
NVIDIA GeForce GTX 580 GPU. From these results,
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(f)
the database images identified by topometric localization
(left), and the results of feature matching between these images (red line: inlier, blue line: outlier)

it was confirmed that the proposed method estimated
the vehicle pose at 8 Hz within a position error of 0.1
m and a posture error of 0.3° in approximately 70%
of the input images. Although the proposed method
sometimes provides unstable estimates and failures due
to changes in the environment, it can be used in au-
tonomous vehicles by combining those sensors that

provide relative measurements such as odometry and
IMU.

6 Conclusion

In this paper, we have proposed a method for local-
izing a vehicle along a previously driven route by us-
ing an image database that was created beforehand.
The proposed method identifies the database image
that is most similar to the current image by topo-
metric localization, and it estimates vehicle poses from
the 3D-2D correspondences of feature points between
the database and the current image. Our experiment
showed that the method estimated vehicle pose within
a position error of 0.1 m and a posture error of 0.3°
in approximately 70% of the input images captured in
an indoor parking lot. In a future work, we will apply
a Kalman filter in order to combine our results with
odometry and IMU data for an autonomous vehicle
application.
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Figure 3. The vehicle poses (red) and 3D positions of feature points (gray) for the database images, the
estimated vehicle poses by the proposed method (blue), and the reference vehicle poses (green)
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Figure 4. Histograms of the errors

Table 1. Computation time of the proposed
method [msec]

Topometric  Feature Solving Total
localization matching PnP problem
8.8 47.8 67.6 124.2
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