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Abstract— Landmark-based robot self-localization has at-
tracted recent research interest as an efficient maintenance-
free approach to visual place recognition (VPR) across domains
(e.g., times of the day, weathers, seasons). However, landmark-
based self-localization can be an ill-posed problem for a passive
observer (e.g., manual robot control), as many viewpoints may
not provide effective landmark view. Here, we consider active
self-localization task by an active observer, and present a novel
reinforcement-learning (RL) -based next-best-view (NBV) plan-
ner. Our contributions are summarized as follows. (1) SIMBAD-
based VPR: We present a landmark ranking -based compact
scene descriptor by introducing a deep-learning extension of
similarity-based pattern recognition (SIMBAD). (2) VPR-to-
NBV knowledge transfer: We tackle the challenge of RL
under uncertainty (i.e., active self-localization) by transferring
the VPR’s state recognition ability to NBV. (3) NNQL-based
NBV: We view the available VPR as the experience database
by adapting a nearest-neighbor -based approximation of Q-
learning (NNQL). The result is an extremely compact data
structure that compresses both the VPR and NBV modules
into a single incremental inverted index. Experiments using
public NCLT dataset validate the effectiveness of the proposed
approach.

I. INTRODUCTION

Landmark-based robot self-localization has attracted re-
cent research interest as an efficient maintenance-free ap-
proach to visual place recognition (VPR) across domains
(e.g., times of the day, weathers, seasons). In long-term cross-
domain navigation [1]-[3], a robot vision has to be able to
recognize where it is (i.e., self-localization) and what the
main objects [4] (i.e., landmarks) in the scene are. Such
landmark-based self-localization problem has two unique
challenges. (1) Landmark selection: In offline training stage,
the robot must learn the main landmarks that represent the
robot workspace, in either self-supervised or unsupervised
manner [5]. (2) Next-Best-View (NBV): In online self-
localization stage, the robot must determine NBVs to re-
identify such spatially sparse landmarks as many as possible
[6]. This paper focuses on this NBV problem.

In landmark-based self-localization, the only available
measurement (Fig. 1) in each map/live scene x is which
landmark p;(i € [1,7]) is observed at which signal strength
d(x,p;) (i.e., landmark ID + intensity). This is in con-
trast to many existing self-localization frameworks that as-
sume the availability of vectorial features for each image.
We formulate landmark-based self-localization as SIMBAD
(similarity-based pattern recognition) [7] and further present
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Fig. 1. Motivation. Unlike existing approaches that maintain the model of
entire environment (left panel), we aim to maintain only a small fraction
(i.e., the landmark regions) of the robot workspace (right panel). As a
key advantage, its per-domain cost for map maintenance (change detection,
map updating) is inherently low. On the other side, self-localization with
such spatially sparse landmarks can be an ill-posed problem for a passive
observer, as many viewpoints may not provide effective landmark view.
Therefore, we consider an active observer and present an active landmark-
based self-localization framework.

its deep-learning extension. In pattern recognition, SIMBAD
is a method to describe an object as its dissimilarities from
r prototypes (e.g., ¥ = 500), which is particularly effective
when traditional vectorial description of objects are difficult
to obtain or inefficient for learning purposes. Our motivations
behind using SIMBAD are two folds. First, the landmark
selection problem is analogous to and can be informed by the
well-studied problem of prototype selection or prototype op-
timization [8]. Second, many recent deep learning techniques
are good at measuring of (dis)similarity between an object
and prototypes (e.g., training images, reference images) [9],
rather than at describing an object. However, deep learning
extension of SIMBAD techniques have not been sufficiently
explored yet, and is a main focus of our study.

Thus far, most of existing self-localization techniques
suppose a passive observer (e.g., manual robot control), and
do not take into account the issue of viewpoint planning
or controlling the observer. However, landmark-based self-
localization can be an ill-posed problem for a passive ob-
server, as many viewpoints may not provide any effective
landmark view. Therefore, we aim to develop an active
observer that can adapt its viewpoint trajectory, avoiding non-
salient scenes that provide no effective landmark view, or
moving efficiently towards places which are most informa-
tive, in the sense of reducing the sensing/computation costs.
This is most closely related to the NBV problem studied
in machine vision literature [10]. However, in our cross-
domain scenario, a difficulty arises from the fact that the
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Fig. 2. The system architecture. The online processing consists of three
main stages: scene description, passive self-localization, and NBV planning.
The offline processing consists of landmark selection, mapping, and NN Q-
learning.

NBYV planner is trained and tested in different domains. The
mainenance cost for retraining such an NBV planner that
does not take into account domain shifts would be significant
in cross-domain scenarios, which we aim to address in the
current work.

In this study, we explore a reinforcement-learning (RL) -
based NBV planner from the novel perspective of SIMBAD.
Our primary contributions are three folds. (1) SIMBAD-
based VPR: First, we present a landmark ranking -based
compact scene descriptor by introducing a deep-learning
extension of similarity-based pattern recognition (SIMBAD).
Our strategy is to describe each map/live scene x with
dissimilarities {d(x,p;)} from the prototypes (i.e., land-
marks) {p;}/_, and further compress it into a lengh s
(< r) list of IDs of most similar landmarks vy, ---, v
(d(x,py,)<---<d(x,py,)), which can then be efficiently
indexed by inverted index. (2) VPR-to-NBV knowledge
transfer: Second, we tackle the challenge of RL under
uncertainty (i.e., active self-localization) by transferring the
VPR’s state recognition ability to NBV. Our scheme is based
on recently-developed method of reciprocal rank feature
(RRF) [11], which is effective for transfer learning [12]
and information retrieval [13]. (3) NNQL-based NBV: Third,
we view the available VPR as the experience database by
adapting a nearest-neighbor -based approximation of Q-
learning (NNQL) [14]. The result is an extremely compact
data structure that compresses VPR and NBV into a single
incremental inverted index. Experiments using public NCLT
dataset validate effectiveness of the proposed approach.

II. APPROACH

Figure 2 depicts the architecture of the active self-
localization system. The system consists of three main
modules: scene description, (passive) self-localization, and
NBYV planning. The scene description module is responsible
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Fig. 3. Scene description module. First, the input query/landmark images
are translated into vectorial features. Then, the query feature is described by
its dissimilarities from the landmark features. Then, the dissimilarity values
are ranked to obtain a ranked list of top-s most similar landmarks. The result
is the proposed landmark ranking -based scene descriptor.

for describing an input map/live image as its dissimilarities
from the pre-defined landmarks. The self-localization mod-
ule is responsible for incorporating each perceptual/action
measurement into the belief of the robot viewpoint. The
NBV planning module is responsible for determining the
NBYV action. In addition, there are three additional mod-
ules, landmark selection, mapping, and nearest-neighbor Q-
learning, which run offline to learn the prior knowledge
(“landmarks”, “Q-function”, “map”) needed for the above
three main modules. These individual modules are detailed
in the following subsections.

A. Landmark Model

The proposed landmark model is explained as follows. Let
R={p1,p2, -+ ,pr} be a set of r pre-defined prototypes (i.e.,
landmarks). Given a dissimilarity measure d, which measures
dissimilarity between a prototype p and an input object x,
one may consider a new description based on the proximities
to the set R, as D(x,R) =[d(x,p1), d(x,p2), -+, d(x,p,)].
Here, D(x,R) is a data dependent mapping D(-,R): X — R”
from the representation X to dissimilarity space, defined by
the set R. This is a vector space, in which each dimension
corresponds to a dissimilarity D(-,p;) to a prototype from
R. A vector D(-,p;) of dissimilarities to the prototype p;
can be interpreted as a feature. It is noteworthy that even
when no landmark is present in the input image, the proposed
model still can describe the image as dissimilarities to the
landmarks.

In our view, the advantage of this representation is that
any methods including recent deep learning techniques in
dissimilarity spaces can now be used. For example, d could
be (1) a pairwise comparison network (i.e., deep Siamese)
that predicts dissimilarity d(x,p) between p and x, (2) a
deep anomaly detection network (e.g., deep autoencoder) that
predicts the deviation d(x|p) of x from learned prototypes
p, (3) an object proposal network (e.g., feature pyramid



network) that predicts object bounding-boxes and class label
d(plx) (e.g., [15]), (4) L2 distance |f(x) — f(p)| of deep
feature f(-) between p and x, as well as (5) any methods for
dissimilarities d(p,x) including those for non-visual modality
(e.g., natural language). In the current paper, the experimen-
tal system is based on the above (4) using NetVLAD [16]
as the feature extraction network f(-). We believe that this
is one effective way to exploit the discriminative power of a
deep neural network within SIMBAD.

B. Landmark Selection

The landmark selection module aims to select a set of
landmarks that represent the robot workspace. Landmarks
should be selected so that they are dissimilar to each other.
This is because, if the dissimilarity d(p;,p;) is small for a
prototype pair, d(x, p;) ~d(x, p;) for other object x meaning
that either of p; or p; is a redundant prototype. Intuitively,
an ideal clustering algorithm may find good landmarks as
cluster representatives. However, this clustering is NP hard.
In practice, heuristics such as k-means algorithms are often
used as an alternative. Moreover, the issue of landmark utility
complicates the landmark selection task. That is, landmark
visibility and other observation conditions (e.g., occlusions,
field-of-views) should be taken into consideration to find
landmarks that are actually useful. For such landmark selec-
tion, no analytical solution but only heuristic approximate
solution exists [17].

In our study, we do not focus on the landmark selection
method but we present a simple effective method. Our
solution is a three-step procedure. (1) First, high-dimensional
vectorial features X = {x} (i.e., NetVLAD) are extracted
from individual map images. (2) Then, each map image x € X
is scored by the dissimilarity minycx\(y [x —x'| from its
nearest-neighbor over the other features. (3) Then, all the
map images are sorted in descending order of the scores
and top-r images (r = 500) are selected as the prototype
landmarks. This approach has two merits. First, the selected
landmarks can be dissimilar to each other. In addition, the
dissimilarity features D(-,R) are expected to become accurate
when the robot’s viewpoint comes close to the landmark
objects.

C. Self-localization

The (offline) mapping module extracts a 4,096 dim
NetVLAD image feature from each map image x and then
translates it to an r-dim dissimilarity descriptor D(x,-). Then,
it sorts the r elements of the descriptor in ascending order,
and returns an ordered list of top-s ranked prototype IDs.
This returned list is our proposed s-dim (e.g., s=4) SIMBAD
descriptor (Fig. 3). Such a descriptor can be directly indexed
by an inverted index, in which each pairing of image ID and
the rank w.r.t. the ordered list is indexed by its prototype ID.

The (online) self-localization module also translates an
input query image x to the dissimilarity descriptor. Then,
the inverted index is looked up by using each prototype ID
in the ordered list as query. As a result, a short list of map
images that have common prototype ID are obtained. Then,

relevance of a map image is evaluated as the inner product
(verr(q),vrrr(m)) of reciprocal rank features vgrp(-) be-
tween the query image ¢ and each map image m in the short
list. An RRF is an r-dim s-hot vector whose i-th element is
the reciprocal v[i]~! of the rank value v[i] of i-th landmark
if v[i] > s~! or 0 otherwise. See [11] for details.

Active self-localization is a multi-view self-localization
task. The Bayes filter is one of most widely used framework
for such multi-view self-localization. In particular, the parti-
cle filter is a computationally efficient implementation of the
Bayes filter that can deal with multi-modal belief distribution
[18]. In the particle filter -based inference system, the state
vector is chosen as x; = (I,0), where [ and 6 are the location
and orientation IDs of the robot viewpoint. The inference
system is initialized at the robot’s start viewpoint. In the
prediction stage, the particles are propagated through the
dynamic model using the robot’s latest action. In the update
stage, the likelihood models for the landmark observation is
approximated by the reciprocal rank vector and the weight of
each k-th particle is updated: wy<—wy+f[xi], where f[x;] is
the reciprocal rank feature’s element that corresponds to the
hypthesized viewpoint x;. Other details follows the particle
filter -based self-localization framework [18].

D. NBYV Planning

The NBV planning task is formulated as an RL prob-
lem, in which a learning agent interacts with a stochastic
environment. The interaction is modeled as a discrete-time
discounted Markov decision process (MDP). A discounted
MDP is a quintuple (S,A,P,R,y), where S and A are the set
of states and actions, P is the state transition distribution,
R is the reward function, and y € (0,1) is a discount factor.
We denote by P(-|s,a) and r(s,a) the probability distribution
over the next state and the immediate reward of taking action
a at state s, respectively.

A stationary Markov policy 7(+|s) is the distribution over
the control actions given the current state s. It is deterministic
if this distribution concentrates over a single action. The
action-value functions of a policy 7, denoted by Q: S x A
— R, is defined as the expected sum of discounted rewards
that are encountered when the policy 7 is executed. Given
an MDP, the goal is to find a policy that attains the best
possible values, Q*(s,a) = sup, Q" (s,a), V(x,a) € S x A. The
optimal action-value function Q* is the unique fixed-point
of the Bellman optimality operator J defined as (JQ)(x,a)
= r(x,a) +yLyes P(yls,a) maxpeqs Q(y,b), V(x,a) € S x A. It
is important to note that J is a contraction with factor 7,
for any pair of action-value functions Q and Q’, we have
1o —JQ| <10 -0

A key issue is how to implement the “Q-function” Q(-,-)
as a computationally tractable function. A naive implemen-
tation of the function Q(-,-) is to employ a two-dimensional
table, which is indexed by state-action-pair (s,a) and whose
element is Q-value [19]. However, this simple implemen-
tation has several limitations. Especially, it requires a large
amount of memory space, in proportion to the number and di-
mensionality of the state vectors, which is intractable in many
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Fig. 4.
“2012/1/227, “2012/3/317, “2012/8/4”, and “2012/11/17”, used in our
experiments are visualized in green, purple, blue, and light-blue curves,
respectively.

Experimental environments. The trajectories of the four datasets,

applications including ours. An alternative approach would
be a deep neural network based approximation of the Q-table
(e.g., DQN [20]), which has been employed by recent works
including ours (e.g., [6]). However, this requires to maintain
the DQN with large amount of space/time overhead. In the
current paper, we present a new highly efficient nearest-
neighbor based approximation of the Q-learning (NNQL)
that reuses the existing inverted index (Subsection II-C) to
approximate Q(-,-) with a small additional space cost.

Our approach is inspired by the recently-developed
nearest-neighbor approximation of the Q-function [14].
Specifically, the inverted index which is originally devel-
oped for the VPR purpose (Subsection II-C) is viewed as
a compressed representation of visual experiences in the
training domain. Recall that the inverted index aims to
index map image ID by prototype ID. We now introduce
a supplementary 2D table that aims to index action-specific
Q-values Q(s,-) by map image ID. We then approximate the
Q-function by the NNQL [14]. A key difference of NNQL
[14] from the standard Q-learning is that the Q-value of an
input state-action-pair (s,a) is approximated by a collection
of Q-values that are associated with its nearest neighbors
N(s,a):

O(s,a) = L o(s',d") @)
T NGsa) o

(s',a")EN(s,a)
Furthermore, we employ the supplementary table to store

the action-specific Q-values Q(s,-). Thus, the Q-function is
approximated by:

o(s'a), (2

QO(s,a) = argmax
a s',a)eN(s|a)

1
NGla)
where N(s|a) is the nearest neighbors of (s,a) conditioned
on a given action a. Such an action-specific NNQL also can
be viewed as an instance of RL. See details of NNQL for
[14].

III. EXPERIEMENTS

We evaluated the effectiveness of the proposed algorithm
via active cross-domain landmark-based self-localization in a

TABLE I
ANR PERFORMANCE.

Top-(10%) ANR [%]

(Test, Train) | (SP, WI) | (SU, SP) | (AU, SU) | (WI, AU)
Proposed 0.147 0.140 1.688 1.006
Baseline 0.642 0.840 1.746 2.711

Top-(20%) ANR [%]

(Test, Train) | (SP, W) | (SU, SP) | (AU, SU) | (WI, AU)
Proposed 0.445 1.030 4.140 1.923
Baseline 1.459 1.439 6.058 3.974

Top-(30%) ANR [%]

(Test, Train) | (SP, W) | (SU, SP) | (AU, SU) | (WI, AU)
Proposed 0.818 2.140 5913 3.196
Baseline 2.693 2.742 9.586 5.780

Top-(40%) ANR [%]

(Test, Train) | (SP, W) | (SU, SP) | (AU, SU) | (WI, AU)
Proposed 1.576 3.580 8.311 4.537
Baseline 4.226 4.834 12.374 7.826

cross-season scenario. We used the publicly available NCLT
dataset [21]. The NCLT dataset is a large-scale, long-term
autonomy dataset available for robotics research that was
collected at the University of Michigan’s North Campus
by a Segway vehicle robotic platform. The data we used
includes view image sequences along vehicle trajectories
acquired by the front-facing camera of the Ladybug3, as
well as the ground-truth GPS viewpoint information. Both
indoor and outdoor change objects such as cars, pedestrians,
construction machines, posters, and furniture are present
during seamless indoor and outdoor navigation by the Seg-
way robot. In experiments, we used four different datasets,
“2012/1/22 (WI)”, “2012/3/31 (SP)”, “2012/8/4 (SU)”, and
“2012/11/17 (AU)”, which respectively consist of 26,208,
26,364, 24,138, and 26,923 images (Fig. 4). They are used to
create four different landmark-training-test triplets: WI-SP-
SU, SP-SU-AU, SU-AU-WI, and AU-WI-SP. The number of
landmarks is set 500 for every triplets, which is consistent
with the settings in our previous studies that use the same
dataset (e.g., [22]). For NNQL, the learning rate ot = 0.1, the
discount rate Y = 0.9, and the number of nearest neighbors
IN(s|a)| = 4. A positive reward of 100 is provided when
the belief value of the ground-truth viewpoint is top-10%
ranked, while the default Q-value for a state-action-pair is
set 0.0001. The number of steps per episode was 10. The
number of training spisodes was 10,000.

The VPR performance at each viewpoint in the above
context is measured by averaged normalized rank (ANR).
In ANR, a subjective VPR is modeled as a ranking function,
which takes an input query image and assigns a rank value to
each map image. Then, the rank values for the ground-truth
map images are computed, normalized by the rank list length,
and averaged over all the test queries, which yields ANR. In
our experiments, ANR is computed at top-10, 20, 30, and 40
[%] in a list of query images that is sorted in the ascending
order of the normalized rank values. As a performance index,
ANR can measure how stable the ranking is in the presence
of uncertainty in the ranked images. In other words, a VPR
system with better ANR performance can be considered to
have higher retrieval robustness [23].

Figure 5 shows examples of landmark based scene de-
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Fig. 5. Examples of similarity-based scene description. Ist column: input
image. (i+ 1)-th column (i > 1): i-th most similar landmark.

scriptions. As shown, each input image is explained by
spatially distant but very similar landmark images, owing to
the descriptive power of the deep feature extraction network.

Our proposed method (“Proposed”) is compared against
the baseline method (“Baseline”). For both methods, the
action set A is defined as a size 10 set consisting of
10 different forward moves {1,2,---,10} [m], along the
vehicle’s viewpoint trajectories that are defined in the NCLT
dataset. The baseline is the algorithm that randomly chooses
the action. Table I shows the ANR performance for the both
methods. It is clear that the proposed approach significantly
outperforms the baseline approach considered here. It is
noteworthy that a non-trivial good policy was learned with
a model-free RL using the proposed approach despite the
fact that the landmark ranking -based VPR and NNQL-
based NBV are compressed into a single incremental inverted
index.

IV. CONCLUSIONS

In this paper, a novel framework for active landmark-
based self-localization using SIMBAD was proposed. Unlike
previous approaches to active self-localization, we assumed
the main landmark objects as the only available model of
the robot’s workspace (“map”), and proposed to describe
each map/live scene as dissimilarities to these landmarks.
Based on this idea, a novel reciprocal rank feature -based
knowledge transfer from VPR to NBV was introduced to
address the challenge of RL under uncertainty. Further, an
extremely compact data structure that compresses VPR and
NBV into a single incremental inverted index was presented.
The proposed framework has been experimentally verified
using the publicly available NCLT dataset.
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