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Abstract

Visual localization, i.e., camera pose estimation in a
known scene, is a core component of technologies such as
autonomous driving and augmented reality. State-of-the-art
localization approaches often rely on image retrieval tech-
niques for one of two tasks: (1) provide an approximate
pose estimate or (2) determine which parts of the scene
are potentially visible in a given query image. It is com-
mon practice to use state-of-the-art image retrieval algo-
rithms for these tasks. These algorithms are often trained
for the goal of retrieving the same landmark under a large
range of viewpoint changes. However, robustness to view-
point changes is not necessarily desirable in the context
of visual localization. This paper focuses on understand-
ing the role of image retrieval for multiple visual local-
ization tasks. We introduce a benchmark setup and com-
pare state-of-the-art retrieval representations on multiple
datasets. We show that retrieval performance on classi-
cal landmark retrieval/recognition tasks correlates only for
some but not all tasks to localization performance. This
indicates a need for retrieval approaches specifically de-
signed for localization tasks. Our benchmark and evalua-
tion protocols are available at https://github.com/
naver/kapture-localization.

1. Introduction

Visual localization is the problem of estimating the exact
camera pose for a given image in a known scene, i.e., the
exact position and orientation from which the image was
taken. Localization algorithms are core components of sys-
tems such as self-driving cars [34], autonomous robots [54],

and mixed reality applications [5, 16,59,62, ].
Traditionally, visual localization algorithms rely on a 3D
scene representation of the target area [36,51, 52,77, 88],

constructed from reference/database images with known
poses. They use 2D-3D matches between a query image
and the 3D representation for pose estimation. This rep-
resentation can be an explicit 3D model, often obtained
via Structure-from-Motion (SFM) [33, 83, 87] using local

features for 2D-3D matching, or an implicit representa-
tion through a machine learning algorithm [10,61,85]. In
the latter case, the learning algorithm is trained to regress
2D-3D matches. These structure-based methods can be
scaled to large scenes through an intermediate image re-
trieval step [11,24,30,74,75,80,91,92]. The intuition is that
the top retrieved images provide hypotheses about which
parts of the scene are likely visible in a query image. 2D-
3D matching can then be restricted to these parts.

The pre-processing step of building a 3D scene repre-
sentation is not strictly necessary. Instead, the camera pose
of a query image can be computed using the known poses
of the top database images found, again using image re-
trieval. This can be achieved via relative pose estimation
between query and retrieved images [109, 1 13], by estimat-
ing the absolute pose from 2D-2D matches [111], via rela-
tive pose regression [9,26] or by building local 3D models
on demand [100]. If high pose accuracy is not required,
the query pose can be approximated very efficiently via a
combination of the poses of the top retrieved database im-
ages [99, s ].

As illustrated in Fig. 1, there are various roles that im-
age retrieval can play in visual localization systems. Ef-
ficient pose approximation by representing the pose of
a query image by a (linear) combination of the poses of
retrieved database images [99, , ] (Task 1). Accu-
rate pose estimation without a global 3D map by com-
puting the pose of the query image relative to the known
poses of retrieved database images [9, 26,48, s , ]
(Task 2a). Accurate pose estimation with a global 3D
map by estimating 2D-3D matches between features in a
query image and the 3D points visible in the retrieved im-
ages [15,30,36,74,80,91] (Task 2b).

These three tasks have differing requirements on the re-
sults of the retrieval stage: Task 1 requires the retrieval step
to find images taken from poses as similar as possible to
the query, i.e., the image representation should not be too
robust or invariant to changes in viewpoint. Tasks 2a and
2b require the retrieval stage to find images depicting the
same part of the scene as the query image. However, the
retrieved images do not need to be taken from a similar
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Figure 1. This paper analyzes the role of image retrieval in three visual localization tasks through extensive experiments.

pose as the query as long as local feature matching suclandmark as a query image. Early methods relying on
ceeds. In fact, Task 2a usually requires retrieving multiple global image statistics were signi cantly outperformed by
images from a diverse set of viewpoints that differ from the methods based on aggregating local features, most notably
guery pose [48, ]. Task 2b bene ts from retrieving im- the bag of visual words representations for images [22, 86]
ages of high visual overlap with the query image and (in and its extensions such as Fisher Vectors [64] and the
theory) requires only one relevant database image. Vector of Locally Aggregated Descriptors (VLAD) [38].
Despite differing requirements, modern localization More recently, deep representation learning has led to fur-
methods [27, 30, 74, 91, , ] indiscriminately use the ther improvements. They apply various pooling mecha-
same representations based on compact image-level denisms|[1,7,39,69,70,95,95] on activations in the last convo-
scriptors [1, 97]. These descriptors are typically trained for lutional feature map of CNNs in order to construct a global
landmark retrieval/place recognition tasks with the goal to image descriptor. They learn the similarity metric by us-
produce similar descriptors for images showing the sameing ranking losses such as contrastive, triplet, or average
building or place independently of the pose or other viewing precision (AP) [8, 31, 69, 71]. Several benchmark papers
conditions [55, 69]. Interestingly, to the best of our knowl- compare such image representations on the task of instance-
edge, there is no work analyzing the suitability of such de- level landmark retrieval [4,63, 66,68, ,112]. In contrast,
scriptors on the three visual localization tasks. this paper explores how state-of-the-art landmark retrieval
In order to close this gap in the literature, this paper approaches perform in the context of visual localization.
investigates the role of image retrieval for visual localiza-
tion. We design a benchmark to measure the correlation
between localization and retrieval/recognition performance
for each task. Our benchmark enables a fair comparison o
different retrieval approaches by xing the remaining parts

Visual localization. Traditionally, structure-based meth-
ods establish 2D-3D correspondences between a query im-
@age and a 3D map, typically via matching local feature de-
scriptors [23, 84] and use them to compute the camera pose

of the localization pipeline. Our main contributions are a bbeOI\Ilm.g a_dpersgic,::\éig-pomt (PNP? probll\im[ 7 | ]
set of extensive experiments and the conclusions we draw/OPustly Inside a . 20,28, . Ioop. ore recently,
from them: () there is no correlation between landmark re- scene coordinate regression techniques determine these cor-
trieval/place recognition performance and Task2).Sim- respond;nclgs usmﬁ rg‘”do'.“ fgrests [61, 85] or CNI\:ls E‘ '
ilarly, retrieval/recognition performance is not a good indi- , 61]. ar|er.met ods trained a regressor speci cally or
cator for performance on Task 2a3) (Task 2b correlates each scene while recent models are able to adapt the trained

with the classical place recognition task4) Our results mode! on-the-y to new scenes [17, ! .]' Even if scene
clearly show that there is a need to design image retrievalc0°"dinate regression methods achieve high pose accuracy

approaches speci cally tailored to the requirements of some " small datasets, they currently do not scale up well to

of the localization tasks. To foster such research, our bench-!arger and more complex scenes [11, A . This

mark and evaluation protocols are publicly available. IS why we focu; on feature-ba}sed !ocahzaﬂon methods that
use image retrieval to cope with this problem [27,72-74].

2. Related Work Absolute pose regression methods forego 2D-3D match-
ing and train a CNN to directly predict the full camera

Landmark retrieval. Landmark retrieval is the task of pose from an image for a given scene [12, 41, 42, 1.

identifying all relevant database images depicting the sameHowever, they are signi cantly less accurate than structure-



