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Fig. 1. Two images of the same place in different seasons that are
successfully matched by our approach. Notice the slightly different point
of view.

I. EXTENDED ABSTRACT

Recognizing a previously seen place is an important
and challenging problem in robotics and computer vision.
The ability to reliably relocalize is a prerequisite for
most simultaneous localization and mapping (SLAM)
systems and for visual navigation. A series of
robust approaches have been proposed in the past
including FAB-MAP2 [Cummins and Newman(2009)],
SeqSLAM [Milford and Wyeth(2012)], SP-
ACP [Neubert et al.(2013)Neubert, Sunderhauf, and Protzel],
and FrameSLAM [Agrawal and Konolige(2008)]. Some
of these methods have been shown to robustly recognize
previously seen locations even under a wide spectrum
of visual changes including dynamic objects, different
illumination, and varying weather conditions.

In this paper, we address the problem of visual localization
across seasons using image sequences collected along routes.
This is, for example, important for localizing a vehicle in
winter even though the reference images have been recorded
in summer. In this sense, our approach aims at similar
goals as SeqSLAM [Milford and Wyeth(2012)] and SP-
ACP [Neubert et al.(2013)Neubert, Sunderhauf, and Protzel],
i.e., visual route recognition over different seasons by
exploiting the sequential nature of the data.

The main contribution of this paper is a novel approach
that operates without using any GPS or odometry informa-
tion, that does not require any season-based feature learning,
that supports vehicles which travel at different speeds, that
can handle revisits of places and loop closures, and that can
handle partial route matching. Furthermore, it can operate
with imagery taken at low frame rates (∼1 Hz), does not
assume a pixel accurate alignment of the images, does not
require perfect initialization of the route, and has no initial
learning phase, e.g., for building a dictionary. The advantage
of our method is that it simultaneously achieves all of these

objectives, which makes it applicable in a more general
context. Fig. 1 shows a successful match of the same place
across seasons.

To achieve a robust localization, we use an image de-
scription that builds upon a dense grid of HOG descrip-
tors [Dalal and Triggs(2005)]. We build a data association
graph that relates images from sequences retrieved in dif-
ferent seasons. In this way, we compute multiple route
hypotheses, deal with occlusions over short periods of time,
and handle deviations from the previously taken route. We
solve the visual place recognition problem by computing
network flows in the association graph and generate multiple
vehicle route hypotheses. By exploiting the specific structure
of our graph, we solve this problem efficiently. Our exper-
imental evaluation suggests, that our method is an effective
tool to perform visual localization across seasons. Under
these conditions, it outperforms the current state-of-the-art
methods SeqSLAM and FABMAP2.
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Fig. 2. Precision recall curve for two datasets. Our approach accurately
estimates the vehicle route and outperforms OpenSeqSLAM and the HOG-
based best match strategy.


