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Abstract
A conditio sine qua non for any autonomous system refers to its ability to localize itself into a known environment. Towards this end, camera
sensors are typically deployed for measuring the relative transformation between the mobile platform and a pre-mapped scene due to their low cost
and substantial accuracy. This paper deals with the task of robot localization under different environmental conditions using a single RGB sensor.
To achieve this, we diverge from conventional approaches that detect local points of interest using hand-crafted sets of rules, and we utilize the
cognitive properties of modern deep learning models for feature detection and description. The proposed architecture is evaluated and compared
against other traditional techniques under a wide range of environmental conditions that significantly alter the view of a previously recorded area.
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Introduction
Navigation, obstacle avoidance, manipulation are some of the
most representative functionalities that an autonomous agent
needs to carry out in order to effectively perform real-world activities. Yet, none of the above would be possible if the respective
platform’s location within the environment could not be retrieved.
Therefore, localization techniques have been developed to identify the agent’s position and orientation in the three-dimensional
(3D) space. Absolute positioning sensors, like Global Navigation
Satellite System (GNSS) [1] or WiFi signal receivers [2], may seem
straightforward solutions for addressing such a task; however, they
fail to provide adequate accuracy and can only be applied in specific operational conditions. Instead, a wide variety of exteroceptive
sensors have been adopted by the related literature, such as sonars
[3], laser rangefinders [4], stereoscopic cameras [5], etc., to deduce
the platform’s relative transformation from a previously mapped
scene. During the last decade, driven by the market’s commitment
to producing low-cost systems, the scientific community’s attention
has focused on monocular RGB camera solutions due to their lower
weight and power consumption needs [6,7].

In the typical case, given a pre-recorded map of the environment,
single-image localization is achieved by detecting local key-points
in the captured image and comparing them with the ones of a
known map (Figure 1).

Local key-points represent prominent points [8] or blobs [9] in
a given frame that can be effectively re-detected in the same manner
regardless of the camera’s viewing angle. Each detected key-point is
assigned with a description vector that captures illumination differences among pixels within a patch centered around its origin. Such
descriptors are distinctive for each local feature. Thus, calculating
distance metrics between them and identifying nearest neighboring ones can effectively yield key-point matches from different camera measurements of the same entity in the environment. Associating a sufficient number of local key-points allows for the utilization
of camera displacement models (e.g., fundamental matrix, Perspective-n-Point) that can compute the relative transformation between
a query frame and the already known map’s structure [5,10].
Despite their effectiveness in identifying point matches between recordings of the same area under different viewing angles
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(rotation- and scale-invariance), hand-crafted local features perform poorly [11] under extreme environmental changes that induce
visual differences on the observed scene Figure 1-top. Such effects
may refer to illumination variations between different periods of
the day (morning-night) or weather conditions (sunny-rainy). Due
to recent advancements in the field of deep learning, a variety of
feature extraction algorithms have been proposed that base their
functionality on Convolutional Neural Networks (CNN). By [12], or
even pre-defined models for object detection [13], feature vectors
are extracted from the total of each captured frame. Those vectors
are treated as global descriptors for measuring similarity between
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the camera recordings’ content. However, they remain unsuitable
for the task of precise pose localization since they do not provide
point-to-point associations, and thus, they cannot be used to retrieve the platform’s position. Most recently, though, CNN architectures capable of detecting and describing local feature points have
been reported [14,15], which are yet to be evaluated under the task
of condition-invariant robot localization. As a final note, recently
proposed CNN-based models have been developed to directly estimate the relative transformation between input frames [16] offering promising accuracy results.

Figure 1: Motivating the necessity of condition-invariant local features for RGB camera-based localization. (Top) Key-point correspondences
from hand-crafted features are not sufficient. (Bottom) Using a CNN-based architecture yields more detections allowing the computation of
relative transformations between the two environmental conditions.

In this paper, we present a 6 Degrees of Freedom (6-DoF) localization mechanism using a single RGB sensor, which is capable
of detecting feature points and producing the corresponding description vectors with invariance over the changing environmental
conditions Figure 1-bottom. This allows for an autonomous platform to localize and operate, even if it known map was recorded
under different conditions than the time of deployment, extending
the potentials for applications like pose estimation, city-scale landmark detection, teach-and-repeat, or simultaneous localization
and mapping. Section 2 presents our approach for accurate pose
localization. We begin by describing the primary mechanism for
computing relative image transformations, and subsequently, the
model for producing CNN-derived Local feat Ur Es (CLUEs for sort)
under different environmental conditions. Such a technique differs
from the holistic proposal of assigning the whole localization procedure onto a CNN (such as in [16]). Instead, deep learning is only
used for computing data associations, allowing for the utilization of
well-established mathematical models and localization techniques
from the robotics vision community [7,17]. In Section 3, CLUEs are
evaluated, and their performance is compared against traditional
hand-crafted features. Finally, Section 4 draws our conclusions and

lists our plans for future work.

Approach

Single image-based localization
Our problem formulation dictates that an autonomous agent’s
operational environment has already been mapped during an exploration mission. When the robot attempts to interact with a previously recorded scene Id, localization of a new camera measurement I_q is achieved by computing its relative position with respect
to the known one. To that end, we begin by following a standard
procedure for feature matching [9]. Firstly, local key-points and
descriptors are produced from each instance, resulting in sets Pq
- Pd and Dq - Dd, respectively. Then, for each description vector dq
∈ Dq, we identify the two nearest neighboring ones in Dd, viz,
2

d d1

and d d . Furthermore, in cases where multiple dq instances share
a common nearest neighbor in Dd, we retain the one showing the
lowest distance, thus ensuring unique associations. The above procedure allows to compute a normalized distance metric [9]:
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S = d q − d d1

2

= d q − d d2

2'

(1)

where the term ‖…‖2 denotes the L2 norm. Thus, feature
matches are achieved by comparing distance S with a predefined
threshold value th. With the above matches identified, we proceed
by computing the camera’s transformation between frames Iq and
Id. More specifically, we deploy the 8-Point Algorithm under a Random Sample Consensus (RANSAC) [18] scheme that effectively estimates the fundamental matrix by utilizing Pq and Pd coordinates of
the matched features. As evident from the above, the selected local
features need to offer repeatability and distinctiveness, even if the
scene’s view has been significantly altered due to different environmental conditions (e.g., day-night, sunny-rainy). Within the scope
of this paper, repeatability essentially translates into the method’s
capacity for re-detecting each point from different camera instances, while distinctiveness evaluates the descriptors’ performance for
providing accurate point matches.

CNN-derived local features

In order to effectively meet the above conditions, we make
use of Super Point [14], which represents a highly acknowledged
CNN-based method for key-point detection and description. The
network’s first layers correspond to a VGG-based [19] encoder to
reduce the input image’s dimensions. The resulting tensor is fed
into two different decoders, namely:
•
•

An interest-point detection one, responsible for evaluating
each key-point’s prominence, and

Volume 1-Issue 1

set’s properties. With the above model trained, a set of CLUEs can
be retrieved for any given input camera measurement I.

Experimental Results

To effectively evaluate the performance of a localization approach, we need to assess the repeatability and distinctiveness
of a given local feature technique under different environmental
conditions, as well as their sufficiency for computing fundamental matrices, as described in Section 2.1. Unfortunately, there are
no currently available datasets for robot localization that include
ground-truth information for point-to-point associations between
sequences recorded from the same area under different environmental conditions. An alternative way for producing such data is
to select a dataset that provides camera localization (6-DoF) and
depth ground-truth for each of the images’ pixels. With the above

(

3D world

(

I1

W

I1



T

)

P , and finally, re-projected on the sequence frames

P =  I 2 px , I 2 p y 

T

)

of a different condition (C2). The mathematical formulation of the above steps is governed by the following
set of equations:

 I1 px 


C1
P = K1−1  I1 p y 
 1 



A description one, which is trained to produce feature vectors
that maintain low distance between matching patches. The
model’s weights are all trained simultaneously under a joint
loss function that accumulates the individual decoders’ losses.

Super Point corresponds to a self-supervised architecture since
it requires neither key-point annotations nor matching knowledge during training. Instead, the procedure begins by producing
a pseudo-ground-truth image dataset containing synthetic shapes
with homographic warps of simplified 2D geometries, such as lines,
triangles, quadrilaterals, and ellipses. As proposed by the authors,
we use the resulting model to generate key-points Pi on another training dataset depicting the autonomous agent’s operational
environment conditions. Images from this dataset are also homo
graphically warped by a set of H transformations that successfully simulate multiple observations of the same area under varying
viewpoint angles. To further simulate the effect of different environmental conditions, we also perform illumination changes on
the warped instances by applying random brightness and contrast
adjustments. Since matrices H are known, the detected Pi can be
accurately projected on the warped images to produce the required
key-point matching ground-truth in an unsupervised manner.
Within the scope of this work, we perform the aforementioned homographic adaptation twice to better generalize the synthetic data-

 I1

I1

P =  px , p y  can
information at hand, key-points
be detected from the camera measurements’ undistorted equivalents at a particular condition (C1), then projected back to the

 C2 P 
=


 1 

W P
T 
=
 1

C2
W

C2
W

I1
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(2)

 I 2 px 


s  I 2 p y  = K 2C2 P
 1 



,

I1

In the above, K1 and K2 denote the cameras’ intrinsic matrices

pd is the depth value for the specific point I1 P as provided by
C

C

the dataset’s ground-truth, 1 P and 2 P are the point’s 3D positions with respect to the cameras C1 and C2, respectively, while
W
C1

T

C

and W2 T are the transformation matrices obtained by the
6-DoF ground-truth position of each camera with respect to the
world frame of reference. For the above procedure to offer the levI

I

el of accuracy that 1 P to 2 P ground-truth associations require,
the localization and depth data need to be eminently precise. For
instance, a small error in the cameras’ orientation may result in a
completely false point projection between the two camera sensors
(Figure 2,3).
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Figure 2: Average key-point detection repeatability percentage (%) for each condition pair, by CLUEs and SIFT features.

Figure 3: Average number of commonly detected points for each condition pair, by CLUEs and SIFT features.

To that end, until initiatives like the 4Seasons dataset [20] become publicly available, we make use of the vKITTI2 [21] dataset
-the most recent version of Virtual KITTI [22]- which meets all the
above conditions since it is captured under a virtual environment
with all the localization data defined in an absolute manner. vKITTI2 contains 5 sequences, each of which being recorded under 6
different environmental conditions, namely clone2, fog, morning,
niques, and obtain a comparative baseline.

overcast, rain, and sunset. To evaluate the CNN architecture’s performance, we make use of sequence 02, while the rest are utilized
for training the model. Note that since vKITTI2 additionally offers
per-pixel classification labels, we are also able to exclude dynamic classes, such as cars, from the training procedure. Finally, sequence02 is also exploited to assess the performance of SIFT [9],
one of the most acknowledged hand-crafted local feature tech-

Point detection repeatability

Figure 4: Average accurate descriptor matching percentage (%) for each condition pair, by CLUEs and SIFT features.
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In this subsection, we evaluate the performance of CLUEs for
detecting key-points between different environmental conditions
in a repeatable manner. First, we deploy feature detection on every
image of all the available conditions in sequence02. Then, the number of commonly detected key-points between all image pairs can
be computed using the set of Equations 2. These metrics are normalized by the total number of detections per instance, resulting in
the method’s repeatability performance. Figure 2 shows the results
we collected by averaging the repeatability metrics among all image-members for each condition. To obtain a better understanding
of each method’s behavior, we also present the average number of
commonly detected feature points in Figure 3, which corresponds
to an un-normalized equivalent of the results in Figure 2. As it can
be seen, CLUEs outperform the detection performance of SIFT in
every case, while also offering a sufficient number of repeatable
detections to estimate the cameras’ relative transformation (see
Section 2.1).

Descriptors matching

When an autonomous agent operates, there is no information
for associating the measurements’ detected points with the ones
of the reference sequence Equation 1. For this reason, feature descriptors need to preserve distinctiveness in order for them to be
appropriately matched. To that end, Figure 4 depicts the average
percentage of accurate descriptor matches between the different
conditions in sequence02. Once more, CLUEs continuously outper-
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form the results of SIFT descriptors, highlighting the superiority
of a trainable architecture. It is noteworthy that the average normalized distance S between nearest neighboring CLUEs descriptors
was recorded at 0.848, with the correctly and falsely associated
ones showing 0.784 and 0.893, respectively. For the case of SIFT,
the corresponding average S metrics were 0.259 for the total, 0.222
for the correctly matched, and 0.262 for the mismatched descriptor pairs. This essentially shows that CLUEs are generally closer in
their respective descriptors’ space than SIFT; however, they offer
a sufficient value range for selecting a threshold and successfully
distinguishing between true and false matches. For the rest of our
experimentation, we choose generic midrange the values, viz. 0.839
for CLUEs and 0.242 for SIFT.

Localization performance

To demonstrate the localization performance of CLUEs, we
compare it against the corresponding results of SIFT local features
by computing relative transformations between different environmental conditions. Figure 5 presents the number of accurately estimated fundamental matrices for each condition pair. Note
that sequence02 contains a total of 233 camera measurements per
condition. As seen, SIFT managed to achieve perfect localization
performance between cases that affect the environment’s view in
a similar manner (e.g., overcast-rain); however, the dominance of
CLUEs is evident in all experiments.

Figure 5: Number of successfully localized camera measurements by means of CLUEs and SIFT features.

Conclusion
In this paper, we presented a localization technique capable of
operating under different environmental conditions using a single
RGB sensor. To that end, the cognitive properties of Super Point

were exploited and extended to images with significantly different
appearances. The performance results were compared against an
analogous technique for local feature extraction, which is based on
hand-crafted rules for the key-points’ detection and description.
The CNN-based approach’s superior localization prove that auton-

omy can be broadened with little-to-non cost since the operational environment needs to be mapped only once, during a particular
period of the day or weather condition. Future work includes the
our approach’s evaluation on real-world datasets [20], once they
become publicly available, and the adaptation of more prominent
network layers [23,24].
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