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Abstract— Rather than having each newly deployed robot
create its own map of its surroundings, the growing availability
of SLAM-enabled devices provides the option of simply local-
izing in a map of another robot or device. In cases such as
multi-robot or human-robot collaboration, localizing all agents
in the same map is even necessary. However, localizing e.g. a
ground robot in the map of a drone or head-mounted MR
headset presents unique challenges due to viewpoint changes.
This work investigates how active visual localization can be used
to overcome such challenges of viewpoint changes. Specifically,
we focus on the problem of selecting the optimal viewpoint at
a given location. We compare existing approaches in the liter-
ature with additional proposed baselines and propose a novel
data-driven approach. The result demonstrates the superior
performance of our data-driven approach when compared to
existing methods, both in controlled simulation experiments and
real-world deployment.

I. INTRODUCTION

Visual localization and mapping systems are by now ubig-
uitous around humans. They are part of every smartphone, to
e.g. improve localization in GPS denied environments, they
are used in VR and AR headsets, in cars, and of course in
robots. In parallel to this rollout, more and more environ-
ments get mapped, and localization becomes an interesting
cloud service where any agent can send its observation and
gets it localized in a pre-existing map. This can even be
achieved without violating privacy [1]. However, it raises
the question how well devices and robots can be localized
if the map was created from a different kind of device and
possibly from quite different points of view, as illustrated in
Figure 2.

As an example of this larger question, this paper delves
into the specific scenario of localizing a new agent, such
as a ground robot, in a pre-existing map. This application
holds considerable practical value, as it obviates the need to
re-map an entire building if a suitable map already exists.
Furthermore, for seamless collaboration between human-
robot teams, the ability to localize mobile devices and robots
within a shared map becomes imperative, as highlighted
in previous studies [2]-[4]. However, accurately localizing
a robot in a map created with a head-mounted camera
rig introduces its own challenges. These challenges stem
from the use of diverse sensor devices and are compounded
by significant variations in viewpoint between the mapping
trajectory and the operational height of the robot. Such varia-
tions result in multiple causes that diminishes the localization
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Fig. 1: Viewpoint Selection of three methods that run visual
localization at the same location with respect to the built map
(landmarks in red). The passive strategy of looking forward.
and a strategy inspired by [5] to maximize the similarity
with the viewing angle towards the landmark during mapping
both result in higher localization error than our data-driven
viewpoint transformer (VPT) approach.

performances, such as reduced visual overlap. This issue
becomes particularly prominent in the case of ground robots,
including quadrupeds, where obstacles such as chairs, tables,
and furniture frequently obscure substantial portions of the
robot’s environment.

Many works have studied how to better localize a given
image within the map. However, in contrast to always trying
to achieve the best from a given viewpoint, robots possess
the valuable ability to autonomously select viewpoints. This
leads us to investigate whether active viewpoint selection can
effectively address the challenges associated with cross-agent
visual localization. In the literature, this concept is widely
recognized as active perception, and within our specific
context, it is referred to as Active Visual Localization. The
core objective of Active Visual Localization is to determine
the camera pose within an existing map representation of the
environment, in order to improve localization accuracy. A
common approach involves assessing the localization utility
of various viewpoints, typically through metrics like the
Fisher Information Metric (FIM), or a combination of hand-
crafted heuristics. While extensive work has been directed
towards integrating these utility calculations into planning
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Fig. 2: Difference in perspective between a head-mounted
sensor rig used for mapping (left) and a ground robot (right)
deployed for localization.

frameworks, a relatively less studied component is how the
utility value itself can be better estimated, particularly in
scenarios involving the unique challenges discussed earlier.

This work delves into the exploration of an effective
utility function to actively enhance visual localization of a
robot in a mapped environment. Our primary focus lies in
evaluating established viewpoint selection and assessment
criteria, while introducing a novel data-driven approach to
viewpoint scoring. The key contributions of this paper are:

e A novel data-driven approach to viewpoint scoring
resp. selection for active localization

¢ Comparison and thorough evaluation of viewpoint
selection methods for the problem of visual localization
between heterogeneous agents

o Real-world validation of our findings by integrating
the viewpoint selection into an active viewpoint planner
for a robot with an arm-mounted camera

II. RELATED WORK

Active Vision describes the case where an agent has the
ability to move visual sensors with the goal of improving
the performance of perceptual tasks [6]. This concept finds
application across various domains where visual information
is utilized, such as scene exploration [7,8], data collection [9,
10], inspection [11], and active learning [12,13]. The case
studied in this work focuses on the task of improving visual
localization by choosing the most informative viewpoint
at a given position, which can be considered a subset of
Active Vision, named Active Visual Localization. Numerous
existing works have studied how informative metrics can
be incorporated into motion planning frameworks with the
goal of optimizing robot motion to maximize localization
accuracy [14]-[16]. Within the scope of this research, our
focus is on the specific task of augmenting visual localization
by selecting the most informative viewpoint at a given
position.

Regarding viewpoint selection in the realm of active vi-
sion, early approaches primarily rely on handcrafted metrics
to gauge the uncertainty or reliability of a given viewpoint in
contributing to the system’s state [17]-[23]. Some methods
take a different path by deriving evaluation metrics from the
metric map and constructing a global utility map. Authors
of [24] propose a solution rooted in Fisher information
theory [25,26]. The central task they explore consists of
determining the amount of information a viewpoint from a

given pose will contribute to the localization process. They
develop a novel map representation that enables efficient
computation of the Fisher information for 6-DoF visual
localization, known as the Fisher Information Field. Similar
ideas of using Fisher Information for viewpoint selection
have also been explored in recent works [23,27,28]. However,
it’s important to note that these metrics often rely on heuris-
tics, necessitate the design of specific handcrafted utility
functions, and may have limitations in their representation
capabilities for diverse and complex scenarios.

Another category of works introduces additional vision
tasks to enhance the metric extraction process, notably incor-
porating semantic information [29]. For instance, the work
of [30] aims to improve navigation performance by including
semantic information, in order to discern perceptually infor-
mative areas of the environment. This kind of work enriches
the semantic understanding capability, however highly relies
on the performance of the semantic module, and usually
requires prior knowledge to link certain semantic classes that
clearly correlate to visual informativeness.

A separate line of research focus on using data-driven
approaches to active visual localization. These works mostly
choose to formulate the problem as a reinforcement learning
task, tightly integrating metric determination with robot
execution [31,32]. As an example, [33] trains an information-
aware policy to find traversable paths as well as reduce the
uncertainty of the environment. The learning-based model
significantly enhance the robot’s comprehension of its sur-
roundings. However, it’s worth noting that these models typi-
cally demand substantial computational resources for training
and may require the simplification of the environment model
to prevent over-fitting.

In this work, we try to combine the advantages of both the
data-driven approach and the viewpoint scoring scheme by
formulating viewpoint selection as a classification problem.

III. METHOD

Problem Statement: Let = = (p,q), where p € R3
and g € so(3) are the position and orientation of the robot
sensor. Given a map representation of the environment M
and a prior of the robot position p, our goal of the active
visual localization is to find a viewpoint at that location,
i.e., the orientation for the robot sensor, such that the visual
localization method returns the most accurate estimation &
at that location, i.e.,

*

q

argmin||Z — x|| (1)
q

arg min||loc(M, O(x)) — x| (2)
q

Here loc(-) refers to different localization methods, which
often take the observation O, captured at the current pose ,
and localize it against the given map representation M.

In this paper, we construct M that combines the landmark
point cloud M; and the Truncated Signed Distance Function
(TSDF) M; of the environment. Any viewpoint selection
policy 7t(-) then takes M = (M;, M;) as prior knowledge
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Fig. 3: Overview of the proposed active localization approach The core of our approach is the learning-based viewpoint
evaluation model. This model processes input features derived from an established Structure-from-Motion model alongside a
camera viewpoint. It predicts the likelihood of the given viewpoint being effective for visual localization. In practice, when
deployed, multiple viewpoints are sampled and assessed at a particular 3D location. The viewpoint that receives the highest
predicted score is then chosen as the optimal one to execute for the robot.

of the environment, and selects a viewpoint for a certain
estimated position:

q" =mn(M,p) 3)

As an example, one of the baseline methods we implement
takes the idea from [24]:

g™ = (M, p) = argmax »_ v(x, i)l
d ieM,

“4)

where v(-) is the binary visibility of landmark ¢ and I; is
the Fisher Information Metric (FIM) of observing landmark
i. The visibility v(-) is determined using TSDF map M,.

We supplement this with two additional simple baselines:

Tnax (M, P) = arg max Z v(E,1) 5)
q €M,

ﬂangle(M>ﬁ) = argmax Z Uangle(ii'J) (6)
q ieEM,

where 7Tty selects simply the view with the maximum
visible landmarks, and 7t,,g1e Uses a stricter visibility criterion
inspired by [5] that only considers a landmark visible if its
relative location to « is similar to those poses from which it
was seen during mapping.

We propose a data-driven approach, adhering to a ’sample-
and-evaluate” framework as depicted in Figure 3. Our pro-
cess involves gathering simulated data to train our viewpoint
evaluation model, which is then tested through both simu-
lated scenarios and real-world experiments. In the inference
phase, we sample multiple viewpoints at a given location.
For each viewpoint, we assemble its input feature vector
by utilizing the landmark point cloud derived from the
Structure-from-Motion (SfM) model. The rest of this section
will detail our approaches, with the focus on constructing
the feature vectors and the viewpoint evaluation model.

Data-driven viewpoint evaluation For each viewpoint,
we collect the following essential information:

« Its distance to every landmark of the map.

o The viewing angle between every landmark and the
principle axis.

e The minimum and maximum distance and viewing
angle per landmark has, with respect to the camera
frame during the mapping stage

o Pixel coordinates of every landmark in the camera
frustum of «

o The number of landmarks in the previously seen angle
range

o Its corresponding DINO [34] appearance features for
every landmark

To collect training data, we generate for every viewpoint the
above information, as well as the ground truth pose and the
result of the visual localization method at that viewpoint.
Based on this data, we train our model to classify whether
a viewpoint has been localized within an error threshold.
In particular, we distinguish between two methods, one is
based on Multi-Layer Perceptron (MLP) 7tp;rp, and the
other one is based on the Transformer 7ty pr. The way
of encoding the collected information differs respectively.
We design lightweight models in order to maintain online
capability. Both kinds of models end with a softmax layer
to determine the viewpoint score for classification.

The model based on MLP requires a fixed input dimen-
sionality. However, the number of landmarks varies across
different viewpoints, we set a feature aggregation step in
the model of 7t p. For each information in the list above,
we build a histogram to aggregate the corresponding value
of all the filtered landmarks. For the pixel coordinates, we
aggregate the information in a 2D heatmap instead of a 1D
histogram. DINO features cannot be processed in the MLP-
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based model.

The constraints of fixed input dimensionality also encour-
ages our motivation to investigate the transformer architec-
ture. With the transformer, our inputs can be provided in a
per-landmark fashion, which also allows for the inclusion
of features that cannot be easily aggregated, such as DINO
appearance per landmark.

Upon obtaining the trained model, for a specified point
p, we assess all the sampled viewpoints. Each candidate is
allocated a localization score, reflecting its efficacy in visual
localization. Subsequently, we select the viewpoint that is
awarded the highest score. For instance:

nver (M, p) = arg max fv pr(F(2, M)) (7)

q
where F are the input features, and fy pr(-) returns the
output score from the viewpoint transformer (VPT) model.

IV. EXPERIMENTS

We develop a comprehensive pipeline for data collection
aimed at training, validation, and testing across simulated
and real-world settings, and we carry out a variety of
experiments. Additionally, we implement several baseline
methods for comparison. The data collection and model
training is mostly done within the simulation, details can
be found in IV-A and IV-B. We present all baseline methods
alongside our evaluation strategy in IV-C. Finally, our real-
world experiment findings are detailed in IV-D.

A. Data Generation

Simulated Scenario We focus on indoor scenarios, and
choose a selection of scenes from the Habitat-Matterport
3D (HM3D) dataset [35]. HM3D provides high-quality 3D
reconstructions of real-world indoor environments with tex-
tured 3D meshes. We selected nine scenes, as depicted
in Figure 4, and imported them into NVIDIA Isaac Sim.
Subsequently, we manually captured controlled trajectories
using a simulated camera setup that mimics the Microsoft
HoloLens 2 [36], ensuring the camera was positioned at a
height akin to that of a human.

Data Collection To acquire M;, we utilize the depth
images captured by sensors and conduct TSDF (Truncated
Signed Distance Field) integration!. Both the generated
meshes and the occupancy maps can be used for occlusion
and collision checking.

To obtain M;, we use mapping and localization frame-
works from hloc and COLMAP [37,38] to extract 2D local
features from images and build a 3D landmark point cloud.
The collected images from the simulated HoloLens 2 are fed
into the pipeline to build the 3D landmarks map. The per-
landmark feature vector F are also created and attached to
each landmark at this stage.

For running visual localization, We mainly use the local-
ization module from hloc as the framework for loc(-) in 2.

IIsaac Sim offers a direct method to ascertain the occupancy details of
a 3D scene through its built-in functionality, which we also employ as an
alternative approach.

00700, slate store

00067, office 00269, school
o . Ly

Train Set

Test Set

Fig. 4: Overview of the dataset. The number in brackets
following the designation corresponds to the index in the
Habitat-Matterport 3D dataset. A small collection of scenes
lead to great generalization capability of our model, thanks
to our effective data point sampling method.

To recover the scale of the map, one option would be to
create the reconstruction with known camera poses. How-
ever, this would not be representative of how this process
could be done using real hardware, where poses would be
estimated, for example, from a visual SLAM module. In our
experiment, all maps are created without the exact camera
poses. Instead, we build the reconstructions from the images
alone and then using RANSAC to estimate the scale with
respect to the ground-truth poses.

To collect training data point in the simulator, we create
random camera paths at a height characteristic of robots,
using a single RGB-D camera to mimic an onboard robot
sensor. At each waypoint, we capture a set of viewpoint sam-
ples and store the images along with their exact viewpoint
poses as ground truth. As illustrated in 1 and 2, we then
employ the localization module for each sample, calculating
the discrepancy between the estimated pose and the actual
ground truth pose.

B. Model Training

We train both two kinds of models on the classification
task of predicting whether a viewpoint will result in local-
ization errors smaller than 0.Im and 1 deg. The primary
preprocessing actions include normalizing all input features
F to a range between 0 and 1 and ensuring the dataset has a
balanced distribution of positive and negative examples. The
division of the training and validation datasets is illustrated
in Figure 4. For every scene, we randomly generate 100
waypoints. At each waypoint, we sample 50 viewpoints, al-
lowing complete rotation around the yaw axis while keeping
the pitch angle within a degree range between -10 to 45.
This procedure generates a training and validation dataset
comprising 25,000 images and a test set containing 20,000
images.

C. Evaluation Strategy

As detailed in III, we implement three baseline strategies
TIFIM s Tlmax, Tlangle» and augment them with two additional
simplistic approaches: 7tioward, Which directs the camera to-
wards the next waypoint in the trajectory, and 7tndom, Which
chooses viewpoints at random. Following the methodology
established during the training phase, random waypoints
and viewpoint samples are generated for each evaluation
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distance [m] 0.025 0.05 0.075 0.1 0.25 1.0 distance [m] 0.025 0.05 0.075 0.1 0.25 1.0
orientation [deg] 1 1 1 1 2 5 orientation [deg] 1 1 1 1 2 5

Forwards 62.57 7725 80.84 8199 8523 86.68 Forwards 3797 5596 62.62 6571 7470 79.22
-~ Random 5484 69.31 7260 7390 7829 80.29 ~ Random 31.21 48.66 5557 5780 6546 70.23
E  max 60.43 76.05 79.29 80.64 8293 84.98 E  max 33.05 5094 57.60 60.19 6799 73.01
§' angle 7435 8558 87.28 87.72 89.07 90.27 E angle 4120 55.86 60.59 63.07 70.73  75.60
S MLP 76.25 86.78 88.37 88.82 9042 91.52 S MLP 51.09 67.84 73,56 7584 81.61 84.69
\g VPT 7475 87.67 90.67 9127 9296 93.86 \g VPT 4423 6277 69.48 72.12 7898 82.85

VPT + DINO | 69.16 84.68 8797 88.82 9092 92.07 VPT + DINO | 39.02 5845 65.16 68.34 7644 80.27
< max 70.21 8498 88.02 89.42 91.37 9222 < max 4642 67.84 7420 76.54 84.05 88.72
= angle 7834 88.22 90.02 90.37 91.52 92.56 = angle 50.80 70.78 75.75 78.03 84.59  88.52
?3 FIM 65.17 7854 81.79 8353 86.83 88.67 E FIM 4334  63.02 69.53 70.87 7843 82.85
\° MLP 79.69  89.72 9142 9217 93.66 9491 \o MLP 5149 7043 7694 79.47 8494  88.02
Z  VPT 79.54 9097 9331 9376 9461 95.21 Z  VPT 4170 64.12 71.67 7475 8176 85.74

VPT + DINO | 78.64 90.52 9256 9291 9456 9536 VPT + DINO | 47.27 6948 7649 7937 85.14 89.26

Best Possible \ 96.31 9746 97.70 97.70 98.05 98.10 Best Possible \ 88.52 92.84 9374 9428 97.02 97.66

TABLE [I: Evaluation of viewpoint strategies in the simulated testing environments using both SuperPoint(Left) and
SIFT(Right) features. Recall percentages are shown at varying distance and orientation thresholds, highlighting the best and
second-best performing methods. Rows marked as ‘with occlusion filter’ are those where landmarks are filtered with the
occlusion. The bottom row is an oracle method that selects the viewpoint with smallest possible error among all samples.

Fig. 5: The constructed map for real-world evaluation The
landmarks point cloud (blue) is aligned with the environment
mesh. Evaluated locations are shown as mini robots.

setting. Each sampled viewpoint is evaluated according to
the different viewpoint-selection strategies, recording the
localization error for the selected viewpoints. To establish an
upper limit for the attainable localization precision at a given
position, the minimal error observed from the localization
for each sample is also recorded and treated as the pseudo-
optimal viewpoint selection strategy.

D. Real-world Deployment and Test

Setup To further validate the results obtained from the
simulation experiments, the best-performing methods are
implemented into a ROS-compatible planning module and
deployed on a quadruped robot with a robotic arm that
contains a calibrated color camera in its end effector, al-
lowing different viewpoints to be viewed for a given body
position. We use a HoloLens 2 to build a map of an indoor
environment, as shown in Figure 5.

Data Collection In contrast to the simulated environ-
ment where ground-truth poses are readily available, real-
world deployments lack these precise positional references.
To assess the effectiveness of various viewpoint-choosing
strategies in such settings, two kinds of positional data are
essential: Each viewpoint planner must first obtain an initial
estimate p, which is utilized in 3 to determine an appropriate
viewing direction at the current location. Following the

selection of a viewing direction, the robot adjusts its arm
to capture an image, which is then localized in relation to
the pre-existing map. Subsequently, a ground-truth pose is
necessary to validate the accuracy of this localization

To measure accurate poses in the map created from
the HoloLens recording, we use a combination of visual
localization and AprilTag fiducial markers [39]. Once a
map of the environment has been created, an AprilTag is
affixed to a static location. We capture several high-quality
images of the marker, including its surroundings, using a
calibrated DSLR camera. The AprilTag marker can be accu-
rately localized within the captured images, and by ensuring
that the images contain enough of the surroundings, they
can also be localized in the map using visual localization.
This two-step process provides an estimated location of the
AprilTag marker within the map for each image. An average
of the estimated locations is taken in order to minimize the
effect of errors in the tag or localization. This process gives
us accurate poses of fiducial markers with respect to the
captured landmark map.

For any waypoint on which we want to evaluate the
viewpoint strategies, we initialize the robot at the location
where we placed a fiducial marker and walk the robot to
the investigated waypoint. We estimate p of that waypoint
from observing the fiducial marker with the robot camera
and integrating the odometry to the investigated waypoint.
This resembles a realistic odometry-based localization prior
that can be fed into the viewpoint-choosing strategies.

V. RESULTS

We evaluate our approaches and the baseline methods
in both our simulation pipeline and the real world. Table
I shows the quantitative results from the simulation. To
demonstrate the generalization ability of our approaches
across different feature descriptors, we evaluate all methods
using both SuperPoint feature [40] and SIFT feature [41],
whereas both of our scoring models are only trained with
the SuperPoint feature. The result in the table shows that,
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Fig. 6: Cumulative distribution of position errors of the
evaluation points in the testing environments using Super-
Point feature. Methods or versions of methods that rely
on the environment mesh in order to determine landmark
occlusion are plotted using - — -— lines.

with SuperPoint feature, our methods perform the best under
every error level, even though our models are only trained
to classify the 0.1 m, 1 deg error level. When we switch
from SuperPoint to SIFT, recall percentages drop for all the
methods, however, our data-driven methods still have the
highest recall at almost every error level.

To explore the impact of DINO features and occlusion
handling on model performance, we conduct experiments
with various model configurations, including MLP-based and
VPT-based models that do not pre-filter based on occlusion
information, as well as VPT-based models that do not in-
corporate DINO features in their input. The findings reveal
that neglecting occlusion leads to diminished performance
for both model types, a trend that is also observed in base-
line methods. Interestingly, the VPT-based model demon-
strates the ability to exceed the efficacy of traditional non-
data-driven approaches at its designated training threshold,
even without occlusion considerations. We accumulate the
correctly-localized waypoints along with different distance
thresholds and show the result in Figure 6, where it is easier
to verify that our learning-based approaches outperform
the other baseline methods with both SuperPoint and SIFT
features.

Results from the 12 waypoints (see Figure 5) in our
real-world experiment are shown in Table II. Although the
sample size is relatively small, we still see the dominating
performance of the VPT-based model, which shows its
generalization ability to the real world. Besides, our final
approach shows great online performance. It achieves to
successfully select viewpoints from 100 candidates in less
than one second, running on a regular workstation with a
NVIDIA GeForce RTX 2080 GPU.

The evaluation results highlight the effectiveness of data-
driven methods in comparison to hand-crafted information

distance [m] 0.25 0.5 1.0
orientation [deg] 2.0 35 5.0
Arm stowed 0.0 25.0 41.67
ForwardS 16.67 50.0 5833
Robot odometry 0.0 3333 66.67
Random 833 41.67 58.33
FIM 8.33 50.0 75.0
max 833 66.67 83.33
angle 833 5833 66.67
MLP 0.0 58.33 5833
VPT 3333 8333  91.67

TABLE II: Evaluation of viewpoint strategies in the real-
world environment with the quadruped robot. The table
layout is the same as Table I

metrics. Learning decision boundaries for landmark features
and encoding diverse information enable data-driven ap-
proaches to outperform traditional heuristic metrics. Despite
being trained with a limited dataset, these scoring models
exhibit robustness across various scenarios, different local
features, and both simulated and real-world environments.
This underscores the potential of data-driven approaches,
which adopt a less heuristic approach.

We note variations in performance between the two ma-
chine learning methodologies. The transformer model ex-
hibits reduced generalization across distinct feature descrip-
tors yet demonstrates superior transferability from simu-
lated data to real-world applications. Conversely, the MLP-
based model and the VLP-based model employing DINO
underperform with SuperPoint features and in real-world
evaluations but show enhanced adaptability to SIFT features.
This suggests that in these scenarios, they benefit from a
more substantial semantic prior provided by DINO, which
in turn offers greater generality across various feature types.

In conclusion, our proposed data-driven light transformer-
based model exhibits optimal performance when evaluated
on the same feature descriptors as those used during training.
The inclusion of occlusion filtering based on mesh recon-
struction enhances the performance of all approaches. It’s
important to note that in cases where geometric data isn’t
available, the proposed data-driven approach still produces
superior results. This could be attributed to the learning
process capturing information about the angle ranges from
which landmarks were observed, which indirectly encodes
geometric information.

VI. CONCLUSION

This work addresses the challenge of localizing ground
robots within an existing map constructed from devices
with varying perspectives.We introduce a novel data-driven
approach to explore effective utility functions for this task
and evaluate it alongside diverse viewpoint selection meth-
ods in the literature. Experiment results show that our
approach greatly improves robot localization ability within a
known point-cloud map in the presence of large viewpoint
changes and occlusion from ground-level obstacles. These
improvements are observed in both simulated and real-world
environments.
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