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Abstract

Accurate Localization is a fundamental challenge in robotic autonomy, with applications
ranging from autonomous driving to space proximity operations. Visual Localization is a
viable choice in GPS-denied environments, such as subterranean, indoor, urban, or space
environments; however, its performance degrades under often encountered conditions, such
as low light or varying illumination. This paper introduces LIDIA — an illumination-aware
model of localization quality for Perception- Aware Planning. LIDIA involves the efficient
integration of light source direction into the planning framework, enabling the prediction
of visually informative regions in the Map under varying lighting. Unlike prior geometric
approaches, LIDIA jointly exploits geometric and photometric information without requiring
computationally expensive real-time rendering, thereby preserving online applicability. Our
results demonstrate that LIDIA consistently outperforms existing geometric methods such as
FIF in predicting the information gain of candidate camera poses and in planning trajectories
that achieve higher localization accuracy. To the best of our knowledge, this is the first
approach to unify geometric and photometric reasoning in an efficient, active localization
system, paving the way for robust autonomy in illumination-constrained environments.
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LIDIA: Localizing In the Dark with Illumination-Awareness toward
Perception-Aware Planning

Tason Georgios Velentzas' and Kento Tomita?

Abstract—Accurate Localization is a fundamental challenge in
robotic autonomy, with applications ranging from autonomous
driving to space proximity operations. Visual Localization is a
viable choice in GPS-denied environments, such as subterranean,
indoor, urban, or space environments; however, its performance
degrades under often encountered conditions, such as low light
or varying illumination. This paper introduces LIDIA — an
illumination-aware model of localization quality for Perception-
Aware Planning. LIDIA involves the efficient integration of light
source direction into the planning framework, enabling the
prediction of visually informative regions in the Map under
varying lighting. Unlike prior geometric approaches, LIDIA
jointly exploits geometric and photometric information without
requiring computationally expensive real-time rendering, thereby
preserving online applicability. Our results demonstrate that
LIDIA consistently outperforms existing geometric methods such
as FIF in predicting the information gain of candidate camera
poses and in planning trajectories that achieve higher localization
accuracy. To the best of our knowledge, this is the first approach
to unify geometric and photometric reasoning in an efficient,
active localization system, paving the way for robust autonomy
in illumination-constrained environments.

Index Terms—Visual localization, Perception-aware Planning,
Active SLAM, Illumination-awareness, Robot autonomy

I. INTRODUCTION

A fundamental requirement for achieving higher levels
of autonomy in robotic systems is the ability to accurately
localize within a preexisting Map of the environment. Visual
Localization (VLOC) has emerged as a solution to localizing
in environments where GPS measurements are not reliable,
such as urban, indoor, subterranean, and space or planetary
exploration environments. Since VLOC is predicated on the
ability of a robot to process visual input, researchers realized
early on the coupling between perception and motion plan-
ning — often termed Perception-aware Planning, or active
perception. The concrete objective depends on the goal of the
application, ranging from minimizing mapping time to maxi-
mizing localization accuracy within a Map. This work focuses
on active VLOC by trying to efficiently and accurately model
the localization quality of arbitrary poses. Then, the planning
module can ensure that sufficient localization information is
present throughout the designed trajectory.

Notably, the environments where VLOC is needed suffer
from harsh illumination conditions, either partially — in-
door and outdoor facilities during the night with insufficient
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Fig. 1. The top left schematic depicts three distinct camera orientations and a
specified lighting direction, where some landmark points are visible, but not
illuminated. The right column and bottom row depict different Sun directions
of the same viewpoint of an urban outdoor environment and a spacecraft in
orbit, respectively.

illumination —, or completely — subterranean and space
environments with a localized varying light source. The il-
lumination conditions are one of the primary sources of per-
formance degradation in VLOC systems, heavily affecting the
appearance of the images, and hence the localization accuracy.
Examples of this strong effect are illustrated in Fig. 1. The
right column depicts an urban outdoor environment during the
night under different orientations of the flashlight, while the
bottom row shows a spacecraft in orbit under different sun
directions. Current approaches estimate the localization quality
of the pose using only geometric information and essentially
assuming that geometrically visible landmarks will always
contribute to localization quality. However, this is not the case
in real-world applications where the illumination is varying,
severely affecting the appearance of the images.

To alleviate this assumption, we propose LIDIA —
Localizing In the Dark with Illumination Awareness — an
illumination-aware framework that uses an estimate of the
light source direction to combine geometric and photometric
reasoning about the contribution of the Map landmarks to the
localization module. A 2D example of the configuration is
shown in Fig. 1. We demonstrate how to efficiently integrate
photometric information in Perception-aware Planning and
enhance the fidelity of the localizability model, without the
need for expensive real-time rendering. We evaluate LIDIA
by running a complete perception pipeline on synthetic images
under varying illumination conditions that assess the applica-
bility and robustness of our algorithm in real-life missions. We



demonstrate how the incorporation of the light source direction
information leads to significantly more accurate prediction of
the localization quality of poses, as well as improved planning
decisions that lead to higher localization accuracy.

II. RELATED WORK

VLOC involves the estimation of the pose of the camera
sensor from a given image and knowledge about the environ-
ment. Image retrieval methods store image databases instead
of a 3D Map and retrieve images from the database that are
similar to the query image. NetVLAD [1] or DenseVLAD [2]
are widely used to select candidate images from which an
initial pose is estimated by interpolating poses from the
database. Abolute Pose Regression (APR) techniques regress
the camera pose directly from a single image. Many works uti-
lize Deep Neural Netowrks for one-shot pose estimation [3]-
[5], while Sattler et al. discuss some limitations of these
techniques [6]. Scene Coordinate Regression (SCR) methods
such as DSAC [7] try to estimate the 3D positions of each
pixel and then regress the pose via optimization blending
both learning and traditional techniques. SCR however, require
dense pixel-wise supervision with ground-truth 3D scene co-
ordinates, which is hard to obtain in many cases.

With the emergence of more accurate novel view synthesis
techniques, such as NeRF [8] or 3DGS [9] there have been
applications of this field for the VLOC task [10], [11]. A lim-
iting factor is that these techniques are inherently appearance-
based and are not preserving geometric consistency, while at
the same time the rendering requirements are not compatible
with the needs for fast evaluation of the planning module.

Finally, structure-based localization methods remain the
most accurate and robust across diverse scenarios. Early works
relied on associating 2D features with 3D landmarks in the
Map [12], [13] followed by a pose optimization step. More
recent approaches incorporate ideas from image retrieval [14]
or adopt hierarchical localization strategies [15].

The methods mentioned before are inherently passive —
they operate on the available observations. However, if the
robot is able to predict the quality of an observation, it can
influence its pose to achieve its goal. This coupling of planning
and perception created the field of Perception-aware planning,
where the robot seeks to actively design its trajectory to
affect localization. Early Active Localization approaches used
discrete Bayesian models to greedily select actions that reduce
pose uncertainty [16], [17]. A significant portion of the liter-
ature is focused on improving geometric-based information
on pose uncertainty with heuristics. Zhang et.al. [18] evaluate
a library of candidate trajectories to safely reach a target
location combining heuristics for perception quality, collision
probability, and distance to the goal location. Coupling the
visibility of landmarks with their semantic information, the
authors of [19] propose to steer the camera towards the
semantically most informative regions.

Dealing with the considerations of employing algorithms
in real-life scenarios, the Fisher Information Field (FIF) [20]
was proposed to evaluate candidate poses with constant query

time, by pre-computing geometrically unoccluded landmarks
on a 3D grid world. The authors proposed to use Gaussian
processes for field-of-view visibility estimation, which results
in a smooth localization quality model that can be used with
continuous optimization techniques. Inspired by FIF, the recent
work of [21] is a self-supervised data-driven alternative to
select informative viewpoints, allowing greater flexibility in
viewpoint selection and maintaining real-time operation.

Despite the fact that the research community has explored
the coupling between perception and planning, most of these
works assume stable illumination conditions. In practice,
however, illumination can vary drastically — from shadows
and low-light settings to strong specular reflection effects
— and degrade the performance of the localization pipeline.
Only a relatively small part of literature deals with varying
illumination, and it is mainly devoted to image enhancement
and relighting. Applications in Localization and Mapping typi-
cally preprocess the input image with Gamma correction [22],
Retinex Theory [23], or with GAN-assisted image enhance-
ment [24]. More recently, the authors of [25], [26] propose
learning relighting parameters along with the 3D Gaussian
representation, in order to generate visually consistent images
with different illumination conditions.

In summary, Perception-aware Planning frameworks mostly
overlook the photometric effects of dynamic illumination.
LIDIA addresses the gap in the literature by explicitly mod-
eling the lighting conditions and unifying geometric visibility
and photometric information to predict the localization quality
of a pose.

III. PRELIMINARIES

In this section, we detail the point-based VLOC pipeline
and the per-landmark Fisher Information Matrix derivation.
We define the processes of feature detection, matching, and
pose estimation using a known 3D landmark map.

A. Feature Detection and Description

Consider a query image I : 2 — R and a reference
image I’ : Q — R with pixel domain 2 C R2. The feature
detector localizes keypoints uy,u), € € in the two images and
then the descriptor produces a d-dimensional descriptor vector
d; € R? for each keypoint that describes the image around
the keypoint. In total, the detection and description process D
applied to each image produces the following.

D(I) = {(us,d;) £V217 D(II) = {(u;7d;) ;_\721 ey
B. Feature Matching

The feature description process should ideally describe
corresponding keypoints with similar descriptors. The feature
matching process seeks to associate the sets of descriptors
between the two images. This can be done by deep neural ar-
chitectures or traditionally through a mutual nearest-neighbor
association.

The outcome of feature matching is the keypoint corre-
spondences M = {(u;,u}) [ i € J C {1,...,N},j €
J" C {1,...,N'}}, which can be subsampled to an inlier



set using the epipolar constraint and Fundamental Matrix
estimation [27]:

M={(u,u)) |ieJCT jeT T} @
C. Pose Estimation

The typical process of pose estimation on a landmark-based
Map involves running PnP [28] with RANSAC on the 2D-3D
correspondences. For this work, we assume that there exists
a Map X with landmarks X¥ € R3, [ =1,...,L and that
the reference image has already known associations with the
landmark Map:

Aver = {(0}, X) | uj e D) N X € X} (3)

We then utilize the inlier matches between the guery and
the reference images to associate the keypoints of the query
image and the Map:

Ag ={(u;, X) | (u,u)) € MA@, X) € Aes} (@)

Let the relative pose T¢y € SE(3) of the camera frame C
with respect to the Map frame W be

T,, — [%CTW tﬂ , Rew €50(3), t5. € R%.  (5)

and a point X € R?® of the Map have homogeneous coor-
dinates X = (X T,1)T. Using the standard pinhole camera
projection matrix, [29] with focal length f.,f, € R and
principal points c.,c, € R in the resepctive image axes, we
define the forward-projection function of a landmark X in the
camera plane to be

I(Tew, X) = 7(K [Rew | t5] X), 7| |y| | = [z?j

(6)
where K is the camera calibration matrix. So, given a 2D-3D
correspondence (u;, X) € A, and a relative pose Ty, the
reprojection error is defined as

e(ug, X, Tew) = [Ju; — I(Tew; X)||2- @)
Given a pixel threshold ep,p, the inlier set for T, is
P(Tcw) = { (uiaX) S Aq | E(uiva Tcw) < 6PnP}- (8)

RANSAC samples iteratively subsets of correspondences to
solve for a pose estimate and selects the one with the most
inliers across the full correspondence set:

T = argmax |P(Tew)|- )
Let P* = P(T@) be the chosen inlier indices. The final
pose is obtained by refitting only on these inliers, which solely
contribute to the final localization accuracy.

D. Per-Landmark Fisher Information Matrix

To calculate the Fisher Information Matrix of a landmark,
we use a bearing-based measurement model, similarly to
previous work [20]. The bearing vector associated with a
landmark XV measured from a relative camera pose T, is:

XC
f

=-—— X°=Rew X+t eR?
X<l

(10)
A world-frame pose perturbation 6¢% = (5p®, sw®) € R®
induces the following first-order change:

9pe

oEv
where [X]« is the skew matrix of X. The Jacobian of the
bearing w.r.t. X° is

of 1 ( T 3x3
2 = Ig—ff)eRX.
oxe [|X¢
Combining (11)—(12), the Jacobian measurement per landmark
w.r.t. the global pose is

of
0Xe
We assume an isotropic measurement covariance o2I3 in

bearing space with o2 > 0, which leads to the formulation
of the per-landmark Fisher information Matrix (FIM):

FIM(Tey, X¥) =0 2", J=J(Tew, X").

= Rew [ — I3 [X¥]x] € R, (In

12)

J(Tew; X¥) = Rew [ —1I5 [X]x] € R*C. (13)

(14)

IV. PROBLEM STATEMENT

The objective of this work is to predict the localization
quality of a relative pose with respect to a landmark Map,
without relying on the image that would be captured from
this pose. Suppose that we are given the setup of a camera
calibration matrix /C, and a pre-built sparse collection of
landmarks, the Map of the environment, expressed in the
world frame X = {X}* € R3 = 1,---,L}. Moreover,
assume that we are given as inputs the camera extrinsic matrix
T.w € SE(3), and the type of light sources ¢, operating in
the environment along with their pose w.r.t the world frame
L = {t; = (ts;,Tow),t = 1,...,n}. The light source
input is typically not part of perception-aware planning al-
gorithms, since the approaches are either purely geometric, or
they assume similar illumination conditions with the mapping
process. However, in lighting-constrained environments, there
is a critical dependence between the light sources, and hence
the image appearance, and the localization quality of a pose.

Treating localization as a parameter estimation problem,
where we seek to estimate the pose from which an image is
captured, a good localization quality metric is the Cramer-Rao
lower bound, which quantifies the lowest covariance attainable
by an impartial estimator [30] and is calculated through the
inverse of FIM. As a result, we can use the IG of each
landmark to quantify localization quality as the aggregate
information gain of the landmarks belonging to the PnP inlier
set of the perception pipeline, since only these landmarks
contribute to the final pose estimation. Notice that during



prediction, the final PnP inlier set is unknown and needs to be
estimated.

Under this formulation, we explicitly calculate the ideal
quantity to be predicted. The image captured from T, can
be processed through the perception pipeline to obtain a pose
estimate T7,, with respect to the map and the corresponding
inlier landmark set P*. As a result, the actual localization
quality of the pose is as follows:

QP = Y IG(Tey,X™)

Xweps

5)

Problem. Given the setup configuration (X,02 K) and
the inputs (Tew, £), we wish to define an estimator of the
localization quality of the configuration, without the associated
image, which essentially means estimating the latent inlier set
of the actual perception pipeline Ppipia(Tew, £), such that:

Q(Pupia(Tew, £)) = Q(P*) (16)

V. METHODOLOGY

Geometric visibility has been used extensively, but almost
exclusively in the literature to predict the landmarks that are
contributing to localization. A landmark is considered to be
geometrically visible if it is unoccluded and inside the Field of
View (FoV) of the camera. The position of the camera defines
the occlusion, while the camera orientation defines whether
the landmark resides in the FoV.

Different techniques have been used in the literature to
calculate geometric visibility. The authors of FIF [20] exploit
depth measurements to determine the occlusion visibility of
landmarks and Gaussian Process Regression to learn the FoV
visibility. In [21], the authors opt for a z-buffer algorithm when
dense depth data is available or for the Hidden Point Removal
Operator, when it is not. Finally, from a more theoretical
perspective, the authors of [31] assume a visibility-weighted
landmark distribution on the image.

In this work, we propose to approximate the latent inlier
set of landmarks, P*, by the set of landmarks that are both
geometrically visible and directly illuminated from the light
sources.

A. Occlusion Visibility.

We employ ray-casting from the camera position towards
the landmarks to determine occlusion visibility. We use
the dense scene mesh S reconstructed from Structure-from-
Motion [32]. We define the direction from the camera position
tY, to the landmark X:

vty

v X) =X —t¥ 17)

and then the line segment ray-cast between these two points
can be described with parameter 7 € [0, [|v(t¥,, X)l|] as:

(75t X), (18)

X) = t2, +7v(t

cwW)?

where v denotes the unit direction of v. This ray-cast creates
the set of unoccluded landmarks:

Poocc(tin,) ={X € X | r(r;t2,, X)NS =2} (19

B. FoV Visibility.

We check whether the forward projection of the landmark
lies inside the image domain, so with an image domain (2, this
yields:

Prov(Tew) = { X € X | I(Tei X) € Q). Q0)
Hence, the set of geometrically visible landmarks is:
Pgeo(Tew) = P oce(tew) N Prov(Tew)- 21

C. Illumination Awareness.

The set of directly illuminated landmarks is a subset of
illuminated landmarks, in general. When there is strong in-
direct illumination from complex geometry and reflections
in the scene, the set of directly illuminated landmarks is
a conservative approximation of the illuminated landmarks.
However, this approximation should be sufficient for planning
the camera poses, since in general, the directly illuminated
landmarks are expected to survive at higher rates through the
perception pipeline when compared to indirectly illuminated
ones.

1) Sun Light Source: We model each light source as ¢ =
(0, Ty1), where 6 is the half-angle of the emission cone of the
light source, while T, is the relative pose of the light source
w.r.t the world frame. From the relative pose, we can retrieve
the position of the light source in the world frame t)}, and the
direction the light is being shed is the z-axis of the light frame:
Y = Ryie, € SO(2), where e, = (0,0, 1]". The emission
angle defines the type of light source, since flashlights are
modeled with 6 € (0, 7] rad, while sun is arbitrarily modeled
as 0 = 0.

2) Flashlight Light Source: The flashlight source is emu-
lated using a conic spotlight, where the emission cone can be
viewed as the FoV of the light source. The directly illuminated
landmarks must be unoccluded from the light source and inside
the emission cone. Illumination occlusions for a flashlight,
without considering the emission cone, are calculated similarly
to the geometric ones using ray-casting:

plum V)= {X e X |r(r;t),, X)NS=2}. (22)

The set of landmarks that are inside the emission cone without
considering occlusions is:

P (T, 0) = { X € & ) cos ™ (¥(tfy,, X). £5) < 0.
(23)
As a result, the final set of directly illuminated points is:

Pitum (€) = PLoce (t) N Pgy (T, ). (24)

We model the Sun as a directional light, a point source at infin-
ity, producing spatially uniform, parallel rays towards the £}
direction. We employ inverse ray-casting from the landmarks
towards —£Y to identify directly illuminated landmarks. Using
a sufficiently large scene diameter Dy, we define the inverse
ray-cast line segments from each landmark as:

(T ), X) = X — 145, 7€ [0,Dx]. (25



The directly illuminated points are the ones that are illumi-
nated unobstructed from the specified ray-casts:

,Pillum(g) = {X € X | T(T;Egvx) ms = @} (26)

D. Localization Quality

We create an approximate model of the final latent inlier
set of landmarks that considers the landmarks that are both
geometrically visible from the camera and directly illuminated
by at least one of the light sources:

PLpia(Tew, £) = Peeo(Tew) [ ) <U Pillum(€)> (27

LeLl

Hence, the localization quality of the pose is estimated as:

Q (Pupia(Tew, £)) (28)

VI. EXPERIMENTS

The purely geometric counterpart to our approach is the
FIF method [20]. Since our formulation does not incorporate
real-time performance enhancements, we conducted the com-
parison without employing the Gaussian Process regression
and 3D voxel grid approximations introduced in FIF. We
evaluated against the exact formulation, which reduces to
the summation of per-landmark Fisher Information Matrices
(FIM), as defined in (14). The trace of FIM is employed to
convert it to a scalar quantity, while the perception pipeline
remains consistent across the two approaches.

Viewpoint Selection under Flashlight Illumination

LIDIA Vi

— FF V

Fig. 2. FIF and LIDIA optimal camera orientations for fixed camera positions
and sun direction in an urban environment.

We evaluated the performance of LIDIA through a series of
qualitative and quantitative experiments with synthetic images
generated in Blender [33]. The 3D landmark Map is generated
using COLMAP [32] on a set of images with favorable
illumination, which is maintained as the database. For the
mapping process, we use NetVLAD [1] for image association,
Superpoint [34] for feature detection, and Superglue [35] for
feature matching. To measure the accuracy of the localiza-
tion quality estimation by LIDIA, along with the inlier set
Phintier = P*, we define the sets of landmarks corresponding
to the detected and matched features.

Pir ={X € X | (u,d) e DAe(u, X, T) < eppp} (29)
Poa = {X € X | (u,v) € MAe(u, X, T) < epp}, (30)

where X is the reconstructed map, T is the relative camera
pose, and D, M denote detection and matching on the query
and reference images, respectively.

Optimal view directions are selected by maximizing the
localization quality Q estimated by each method, LIDIA and
FIF. For maximization, we employ sampling-based grid search
on the unit sphere centered at the designated camera positions
with a Fibonacci lattice.

Fig. 3. Different viewpoint selections from the same camera position of Closer
range for FIF (left) and LIDIA (right).

A. Qualitative Result in Urban Scene

As an initial analysis, we compared the estimated most
informative view directions based on LIDIA and FIF in an
urban scene with a fixed conic flashlight. Fig. 2 confirms that
LIDIA points toward illuminated regions whereas FIF looks
towards areas closer to the camera position even if they are
not illuminated. Similarly, in a spacecraft approach scenario
in Fig. 3, we see that LIDIA selects the illuminated lid over
the dark body of the spacecraft, which will probably contain
more texture information.

B. Quantitative Results in Space Scene

A representative scenario where harsh illumination affects
localization quality is the spacecraft scene. We reconstructed
a landmark map of the Hubble Space Telescope (HST) [36]
and analyzed the localization quality for two distinct ranges
of camera positions and multiple sun directions, as depicted in
Fig. 4. The Database range corresponds to images captured
from distances comparable to the database images, where a
substantial portion of the spacecraft is visible. The Closer
range corresponds to images captured only a few meters away
from the spacecraft surface, where only small portions of the
spacecraft are visible.

TABLE I
LOCALIZATION PERFORMANCE IN OPTIMIZED VIEW DIRECTIONS;
DATABASE RANGE (LEFT) AND CLOSER RANGE (RIGHT).

Loc Acc 1 FIF LIDIA Loc Acc 1 FIF LIDIA
0.05m, 0.4° 5.7% 14.4% 0.05m, 0.4° 45%  20.5%
0.25m,2° 23.9% 41.5% 0.25m,2° 11.4% 43.2%
0.5m,3° 32.9% 49.4% 0.5m,3° 18.2% 70.5%
1m,5° 39.8% 52.8% 1m,5° 40.9% 90.5%

For Database range images, the main differences with
respect to the database images are viewpoint and illumination,
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Fig. 4. Two different viewpoints of the camera positions and sun directions for Database (Green) and Closer (Red) range query images.
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Fig. 5. Database range: The left-most panels show the Information Gain (IG) difference between the predicted estimates and the detected, matched, and
actual IG, respectively. The right panel shows the IG as a function of the actual IG.

enabling the use of the database images for localization with
image retrieval. We use the NetVLAD descriptor to select the
10 best candidate images from the database, from which the
2D-3D correspondences are concatenated.

In contrast, Closer range images additionally capture the
spacecraft at a different scale, which significantly degrades
the performance of image retrieval techniques. To address this,
we generated reference images from randomly selected nearby
viewpoints, ensuring sufficient visual overlap with each query
image. This setup maintains consistent illumination and scale
between query and reference images, resulting in a SLAM-like
evaluation appropriate for this scenario. In this case, we use
ground-truth knowledge about the rendered reference images
to establish 2D-3D correspondences.

We report the distribution of the difference between the
LIDIA or FIF localization quality estimates and each of
the quantities Q(Pget), Q(Pmach)> and Q(Pinsier). We also
investigated the localization error metrics of the FIF- and
LIDIA-selected poses, as adapted from the Long-Term Visual
Localization benchmark [37].

1) Database range: Fig. 5 reports the differences per image
in the predicted IG relative to the detected, matched, and
actual IG. It is evident from the plots that LIDIA maintains a

tighter spread around all reference values. It is also confirmed
that LIDIA underestimates the detected IG, since it assumes
that landmarks not directly illuminated are not visible, thus
providing a conservative estimate. However, we see that as IG
is processed through the pipeline towards the actual IG, the
predictions of LIDIA remain in bulk close to the reference
values. On the other hand, it is clear that as we move towards
actual IG, the FIF predictions deviate from the reference
values. The right panel of Fig. 5 presents a scatterplot of
the localization quality per image. We notice that LIDIA
follows the trend of the reference values, while FIF remains
uncorrelated with the actual IG.

The left part of Table I verifies that a better estimate of
the localization quality results in selecting better viewpoints
in terms of localization accuracy. We observe a significant and
consistent increase in the percentage of query images that are
localized throughout every threshold.

2) Closer range: Fig. 6 exhibits patterns similar to the
case of the Database range. However, LIDIA appears more
conservative with respect to detected IG, as the Closer range
experiment operates at a scale different from that of the Map
reconstruction. Even though the existing finer details in these
images lead to more indirectly illuminated landmarks being
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detected, these landmarks do not seem to survive through-
out the Localization pipeline. LIDIA is predicated on the
assumption that directly illuminated landmarks will yield more
stable detections, and the results indicate that this is actually
the case, since LIDIA remains a faithful representation for
matched and actual IG. Finally, the right part of Table I shows
the importance of knowing where to look when illumination
conditions are not favorable. The difference between FIF and
LIDIA in the localization accuracy is even greater in this
scenario compared to the Database range experiment. We
can see that LIDIA, when possible, chooses to look towards
illuminated and informative regions of the observed spacecraft,
resulting in significantly better localization accuracy.

FIF RRT* on a Sphere LIDIA
e Optimal Path FIF @ Map Landmarks @ Start Position
= Optimal Paths LIDIA

dF Goal Position

Fig. 7. The planned trajectories of RRT* under different lighting conditions
for FIF (left) and LIDIA (right).

C. Qualitative Planning Result in Space Scene

We simulate a trajectory design experiment, where the
camera can move on a sphere around the observed spacecraft.
We assume a center-pointing trajectory that maintains the full
spacecraft in view and seek to maximize the total localization
quality along the trajectory, while minimizing the total trajec-
tory arclength. The start and goal positions are initialized along
the positive and negative directions of the world-frame ey
axis, respectively. Specifically, the initial state is placed along
+ey, while the terminal state is symmetrically positioned

along —ey. In contrast, the Sun illumination directions are
aligned with the remaining principal axes of the world frame,
namely e, and/or *e,, such that the lighting configuration
is orthogonal to the start—goal displacement axis.

For a path of camera poses A = {Té‘?,), e ,Tc(‘ff)} , the
total cost of the path is defined:

K-—1
£tk || cos™1 (FaF Futh)
kZO |

J(A) = €1V

et 3 P
k=0

Before running the planning experiments, we intentionally
moved the sphere along the +e, axis creating an imbalance
in the information gain calculations. Since we select the same
random nodes across all trials, this displacement should bias
FIF to always select the same path across all trials.

Fig. 7 shows the selected paths of RRT* for each of the
different Sun directions. As we can see, LIDIA adapts based
on the different Sun directions and selects plans that look to-
wards illuminated regions of the spacecraft, even though other
regions are closer and more informative. As a result, LIDIA
can be used to avoid selecting paths that lead to completely
dark images by taking into account the sun direction.

VII. CONCLUSIONS

This work addresses the challenge of predicting the lo-
calization quality of a specified pose for Perception-Aware
Planning. We introduced LIDIA, a framework that integrates
illumination awareness to estimate which landmarks will
contribute to pose estimation. Our results demonstrated a
reliable prediction of localization quality without requiring
direct access to the captured image. In conclusion, our work
highlighted the importance of taking into account the lighting
conditions of the environment in perception-aware planning.
Incorporating illumination awareness enabled the development
of a faithful representation of the perception model, which
consistently enhanced the robustness of the planning module.
The seamless integration of photometric information, without



relying on costly rendering, opens new avenues for perception-
aware planning, particularly in environments where visual lo-
calization is prone to failure, ultimately advancing the frontier
of robotic autonomy.

An important direction for future work is to investigate

the

algorithmic and architectural modifications required to

achieve real-time performance, including computational sim-
plifications, structured approximations, and implementations
suitable for parallelization and onboard deployment. Moreover,

the

impact of more sophisticated illumination models that

better capture real-world lighting phenomena, such as cast
shadows, inter-reflections, and sensor-related artifacts, needs
to be evaluated. Finally, real-world experiments can assess
robustness, generalizability, and practical applicability under
realistic sensing and environmental conditions.
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