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1. Introduction 

This deliverable consolidates the main findings from two key research outputs developed within the 

context of Task 2.3. These works focus on the data illumination-robust detection of local feature points 

and the on-the-fly optimization of keypoint selection through deep RL. Together, they provide a major 

advancement in enabling a robot to build reliable maps and localize itself within them (SLAM), even 

in challenging environments characterized by poor visibility, dynamic lighting changes, or texture-

sparse surfaces. 
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2. Core Contributions 

2.1. Data-Augmented Illumination-Invariant Feature Detection 

In the first study (“Increasing Illumination Invariance of Learning-Based Local Features using Photo-

Realistic Simulated Environments”), we introduced a Photo-Realistic Synthetic Illumination (PRSI) 

dataset combined with an Illumination Condition Adaptation (ICA) training procedure. 

 PRSI Dataset: 74k high-fidelity day–night image pairs rendered with Unreal Engine 5, covering 

indoor, outdoor, and urban scenes. 

 ICA Training Procedure: Combines feature points from fully-lit and low-light frames, filtered 

by non-maximum suppression and weighting toward high-confidence daytime features, to 

produce pseudo ground-truths for detector refinement. 

 Homographic Adaptation: Further boosts detector invariance by applying geometric 

transformations, increasing repeatability across viewpoint changes. 

Results demonstrated significantly higher matching scores and reduced trajectory errors during visual 

odometry on KITTI-derived night-time datasets, yielding up to 83% reduction in Mean ATE and RPE. 

2.2. Reinforcement Learning for Persistent Keypoint Detection 

The second study (“A Deep Actor-Critic Reinforcement Learning Framework for Persistent Keypoint 
Detection under Challenging vSLAM Conditions”) introduced a learning-based feature selection 
mechanism: 

 Actor-Critic RL Architecture: The Actor trains a modified SuperPoint detector to favor 
keypoints that remain trackable across frame sequences, while the Critic evaluates the long-
term contribution of the Actor’s decisions using discounted rewards based on geometric 
consistency (RANSAC + 8-point algorithm). 

 Ground-Truth-Free Training: The approach eliminates the need for absolute pose ground 
truth, enabling learning in previously unseen or unlabeled environments. 

 Quality-over-Quantity Principle: The network learns to prefer fewer but more persistent 
keypoints, reducing computational load and improving localization accuracy in low-light and 
texture-sparse conditions. 

Extensive experiments on KITTI, Oxford RobotCar (night subset), and 4Seasons datasets showed 
superior Absolute Trajectory Error (ATE) and RMSE compared to the original SuperPoint, particularly 
with as few as 500 selected features. 

3. Integration with LEARNER Middleware 

These contributions directly support the semantic mapping layer described in Deliverable D2.2 and 

feed into WP3’s social-aware PP in the following manner: 

 Illumination-Robust Mapping: Ensures that the hybrid map remains populated with reliable 

landmarks even in dark or dynamically lit environments, allowing consistent localization. 

 Adaptive Feature Prioritization: RL-driven keypoint selection enables the robot to adapt its 

perception policy on the fly, dynamically improving map quality in areas where standard 

detectors would fail. 
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 Foundation for Social Semantics: The stable and high-confidence feature maps produced here 

act as the backbone for higher-level semantic segmentation (e.g., human presence, object 

detection) used in D2.4 and WP3 PP.  

Together, these results form a robust perception layer that guarantees the consistency of the 

topological and metric maps used for socially compliant navigation. 

4. Conclusion 

Deliverable D2.3 provides a dual-strategy solution to the problem of robust semantic mapping under 

difficult visual conditions: (i) pre-trained illumination-adapted detectors via data augmentation, and 

(ii) adaptive reinforcement-learning-based feature prioritization for persistent tracking. These 

advancements ensure that LEARNER’s navigation stack can maintain localization accuracy and 

semantic awareness in real-world scenarios with poor or changing lighting. 

The two research papers are provided in Annexes A for detailed methodological and experimental 

insights. 

Annex A 



Increasing Illumination Invariance of Learning-Based

Local Features using Photo-Realistic Simulated

Environments
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aProduction and Management Engineering, Democritus University of Thrace, Xanthi,
Greece

bElectrical and Computer Engineering, Democritus University of Thrace, Xanthi, Greece

Abstract

Reliable local feature detection is crucial for autonomous robotics, yet dy-
namic lighting conditions often undermine performance. While traditional
algorithms struggle, deep learning has set new standards in accuracy and
adaptability for key point extraction. However, challenges persist in en-
suring robustness under variable illumination. In this paper, we propose a
novel method to enable illumination adaptation of learned feature detectors
and descriptors which can increase the applicability of existing mapping and
localization techniques. Our approach combines Photo-Realistic Synthetic
Illumination (PRSI) dataset with an Illumination Conditions Adaptation
(ICA) approach, designed to improve generalization across diverse lighting
scenarios by leveraging robust pseudo-ground truths. Extensive evaluation is
performed using HPatches and KITTI subsets for visual odometry. Results
highlight significant improvements in feature detection and description ro-
bustness, particularly in low-light conditions and abrupt lighting transitions
leading to increased localization accuracy compares to the state-of-the-art.

Keywords: Feature Point Detection, Computer Vision, Deep Neural
Networks, Illumination Invariance, Synthetic Image Dataset

1. Introduction

In the rapidly evolving field of robotics, the drive towards autonomy has
magnified the importance of robust robot localization mechanisms.

Preprint submitted to Robotics and Autonomous Systems March 10, 2025
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One of the most established approaches for real-time localization relies on
the detection and tracking of distinct local feature points using RGB cam-
era sensors [1, 2, 3, 4, 5], due to their affordability, compactness, and low
energy consumption. These features serve as markers for robots to measure
movement and orientation in space, enabling tasks such as Simultaneous
Localization and Mapping (SLAM) and Visual Place Recognition (VPR),
which are crucial for applications like domestic robots and autonomous vehi-
cles [6, 7]. SLAM builds maps while navigating, and VPR allows recognition
of previously visited locations, both relying on robust feature detection under
diverse conditions.

Some of the most acknowledged methods use hand-crafted algorithms to
detect key points in images [8, 9]; however, deep learning methods, partic-
ularly Convolutional Neural Networks (CNNs), have significantly advanced
feature extraction [10]. Nevertheless, feature detection under low and highly
varying illumination remains an open research challenge, as lighting changes
can impair reliability, especially in dynamic environments [11]. To address
this challenge, synthetic datasets have emerged as a solution, providing di-
verse training data in a cost-effective and controlled manner [12, 13, 14, 15].

The motivation behind our proposal lies in enhancing the capabilities of
RGB cameras to their fullest potential, ensuring that even the most energy-
restrictive devices can achieve high levels of autonomy and environmental
awareness. To this end, we developed a new Photo-Realistic Synthetic Il-
lumination (PRSI) dataset that combines the advantages of synthetic data
while also imitating real-world conditions through hyper-realistic lighting and
textures. This allows the integration of an Illumination Condition Adapta-
tion (ICA) step, which guides the training process of any learning-based local
feature extraction technique towards consistent detections and descriptions
(Fig. 1).

A preliminary version of our work was presented in [16], where the concept
of ICA was first introduced, providing sufficient matching accuracy under
severe lighting changes but struggling with general applicability across real-
world datasets, such as HPatches [17]. This paper expands upon our previous
method by providing the following novel contributions:

• Refinement of the original ICA method by utilizing a greater amount
of available information to provide better associations between features
under different illumination conditions.

2
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• A thorough hyperparameter tuning process to boost the model’s per-
formance and generalization capabilities.

• Enhancement of the PRSI dataset with increased image samples cov-
ering a wider variety of environmental changes.

• Rigorous evaluation in multiple different scenarios, including visual
odometry runs in day and night conditions.

• Release of PRSI in a publicly available repository1 to further support
future research in the field of robotics vision and localization.

The rest of this paper is organized as follows: Section 2 reviews the
existing literature and methodologies relevant to our research. Section 3
provides a detailed description of our methodology and its practical applica-
tions. Section 4 details the experiments conducted to validate our approach,
while Section 5 presents the results of these experiments. Finally, Section 6
concludes our findings and suggests directions for future research.

2. Literature Review

Local-feature-based SLAM architectures are typically based on the detec-
tion of repeatable key points in the environment, which are tracked among
consecutive frames to compute an estimation of the camera’s locomotion and
the environment’s structure [5]. Traditional methods for feature detection,
such as SIFT [8], SURF[18], and ORB [19], have served as cornerstones in
the field. SIFT is probably the most acknowledged method for extracting
features from images, and it can be used to perform reliable matching be-
tween different views of an object or scene. These features are invariant to
image scale and rotation. ORB is designed to be a faster alternative to float-
ing point features, offering both efficiency and performance by combining a
fast feature point detector (FAST [20]), with a robust descriptor (BRIEF
[21]), while also incorporating orientation and scale invariance. However,
these algorithms rely on gradient-based handcrafted rules; therefore, their
performance is significantly impacted under conditions of extreme illumina-
tion variations, and low lighting [6].

1The PRSI dataset will be published upon acceptance of this paper.
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In recent years, the field has shifted towards deep-learning-based methods.
Deep learning models showed improvements in the performance of feature de-
tection and description across a broad range of conditions. SuperPoint[22]
and D2-Net[23] are notable examples of these. SuperPoint employs a self-
supervised approach with pre-training on simple images to learn basic fea-
ture detection, followed by self-supervised training to match features be-
tween different images of the same scene. D2-Net uses a single CNN for
joint detection and description with dense feature extraction for each pixel,
maintaining robustness across scales and transformations. Moreover, LF-Net
[24] provides an end-to-end model for simultaneous feature detection and de-
scription, training on simulated real-world changes in viewpoint and lighting.
R2D2 [25] focuses on repeatable and reliable feature points, using a specially
designed loss function to ensure consistency across viewpoint changes. Fi-
nally, ASLFeat [26] integrates attention mechanisms to focus on informative
regions, enhancing dense feature extraction by dynamically adjusting the im-
portance of different image areas. These models advance feature detection
and description in terms of accuracy, robustness, and efficiency by leverag-
ing deep learning to address the challenges that traditional algorithms face.
However, the illumination invariance problem persists and calls for specifi-
cally designed learning procedures that dictate common landmark features
to be detected, despite any appearance changes of the scene.

Synthetic datasets are pivotal in advancing computer and robotics vision
by simulating real-world variability on demand, under extensively-controlled
conditions. Notable publicly available datasets include SYNTHIA [12], which
focuses on urban scenarios with diverse layouts, weather, and lighting condi-
tions, that are valuable for autonomous driving research. SUNCG [13] pro-
vides detailed indoor scenes with various lighting and furniture arrangements,
essential for indoor navigation and object recognition. Virtual KITTI[14]
replicates real-world KITTI[27] scenarios with controlled variability, useful
for object detection and tracking in driving contexts. As a final note, CARLA
[15], an open-source simulator, allows the creation of custom scenarios with
varying weather, lighting, and traffic conditions. Despite their strengths,
none of these datasets explicitly combine realistic lighting conditions and
image pairs from the same scene sharing exact camera poses and locomo-
tion.

4
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3. Methodology

This section is structured into two primary parts to address the develop-
ment and implementation of our feature detection enhancements using the
ICA method. The first one focuses on our proposal’s architecture (Fig. 2),
detailing the ICA method and how it can be integrated into an existing deep
feature extraction pipeline, which for this work is based on SuperPoint [22].
This combination is critical for testing and refining the ICA’s capability to
enhance feature extraction under varying lighting conditions. The second
part of the presented methodology describes the creation and characteristics
of the PRSI dataset, designed specifically to include image pairs that cap-
ture the essential lighting condition transitions, and thus, enabling effective
training of ICA.

3.1. Architecture

3.1.1. ICA

With ICA, we aim to enhance the performance of feature detection under
varying illumination conditions; particularly, by providing consistent asso-
ciations among fully-lit and low-lit or nighttime scenarios. Given a feature
point detection input within a trainable pipeline, ICA makes use of feature
points as ground truths for the subsequent learning phases, viz., the de-
tector’s and descriptor’s refinement. This whole process is inspired by the
principles of data adaptation, specifically targeting the challenges posed by
different lighting conditions.

To implement ICA, a dataset that contains pairs of identical images cap-
tured under different lighting conditions for every scene pi is needed. Each
pi = {Ifi , Ili} contains a camera measurement of a fully-lit version of the
scene (Ifi) and one of low lighting (Ili). Both images are captured from the
same position and orientation, ensuring that the geometric structures and
scene elements remain constant across the pair, with only the illumination
conditions being changed. The PRSI dataset, described in Section 3.2, fulfills
these requirements, targeting specifically the day-to-night challenge.

ICA involves several steps to adapt the detection capabilities to varying
illumination conditions. Feature points are first extracted from Ifi using any
type of feature detector. These points (Ffi) are assumed to be more reliable
than the low-lighting ones, due to the better visibility and contrast provided
by the corresponding frames [28]. Feature points from Ili are also extracted
(Fli), to capture landmarks usually visible during the night (e.g., a lit light
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bulb). Subsequently, we combine Ffi and Fli and filter out duplicate points,
as well as points in very close proximity using Non-Maximum Suppression
(NMS) [29], of value 4. We apply a threshold giving more weight on the
features detected in the daily image. The final set of combined and filtered
points Ffl, from all the available pi pairs will be used as pseudo ground truths
for the subsequent detector and descriptor training.

In the following subsections, we describe the network structure adopted
within this work [22]. However, different architectures can also be adapted
to include the ICA module.

3.1.2. Network backbone

The process initiates with a series of synthetic images composed of basic
geometric shapes such as circles, squares, and triangles. These shapes act
as the foundational elements for constructing more complex patterns and
structures. Initially, the model is trained on this synthetic dataset, enabling
it to learn how to detect feature points within a controlled environment.
The training employs the following loss function, using ground truth points
generated from the edges of the synthetic shapes:

Ldet(X , G) =
1

HeWe

He,We∑
h=1,
w=1

ldet (xhw;Ghw) , (1)

where

ldet (xhw; g) = − log

(
exp (xhwg)∑65
k=1 exp (xhwk)

)
. (2)

In the above, He and We refer to the downsampled dimensions of the im-
ages, which are divided into 8 × 8 pixel regions. The detector operates on
X, a tensor with dimensions R(He×We×65), producing an output of R(H×W ).
After applying a softmax function to each channel, the dustbin compartment
(indicating the absence of a feature point) is removed, and a reshaping op-
eration converts R(He×We×64) to R(H×W ). The detector’s loss function uses
a fully convolutional cross-entropy loss applied to elements xhw within X.
The ground truth labels for the feature points, collectively termed G, have
individual components denoted as Ghw.

This generates a heatmap that indicates the likelihood of each pixel being
a feature point for any given input image. However, due to accuracy issues
in real-world tests, a homographic adaptation step is additionally employed.

6
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Homographic adaptation adjusts an image I using a predefined homography
or transformation. This process involves applying various transformations
T , such as rotations, translations, warping, and scaling, to diversify the
detection process. The original image I and the transformed ones IT are
processed by the feature detector, and the resulting heatmaps are combined
to produce the final set of feature points F . This method has been shown to
significantly enhance the feature detector’s accuracy [22]. By applying the
above homographic adaptation procedure over the Ifi and Ili samples, the
corresponding Ffi and Fli points described in Section 3.1.1 are produced.

3.1.3. Training

The training phase involves developing a network utilizing both real and
synthetic datasets. To enhance the diversity and realism of our learning sam-
ples, we integrate the Common Objects in Context (COCO) dataset [30].
COCO is highly regarded in the computer vision community for its utility
in tasks such as object detection, segmentation, and captioning, owing to
its wide range of complex and varied images that feature numerous objects
and scenes. Although COCO includes annotations, we utilized the images
without these labels for our training. The dataset is split into approximately
82k training samples and 40k validation samples. For each sample Ij from
the COCO dataset, feature points Fj are extracted after homographic adap-
tation. These real-world data are combined with the synthetic ones (Ifl and
Ffl) to finally form our overall learning samples I and labels F

Our approach employs both a detection and a description encoder for
feature points. This involves a concurrent refinement process for both com-
ponents of the network. Training is guided by a multi-task loss function that
balances the tasks of detection and description. The overall loss function L
is defined as:

L = Ldet + λ · Ldesc . (3)

In the above, the detector’s loss Ldet uses the same function defined in equa-
tion 1, while the descriptor’s loss is computed as:

Ldesc (D,D′, S) =

1

(HeWe)
2

He,We∑
h=1
w=1

He,We∑
h′=1
w′=1

ldesc (dhw,d
′
h′w′ ; shwh′w′) , (4)
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where
ldesc (d,d′; s) = λ · s ·max

(
0,mp − dTd′

)
+(1− s) ·max

(
0,dTd′ −mn

)
.

(5)

Ĥphw denotes the transformation of the cell location phw by the homography
H, divided by the final coordinate, a standard procedure when transitioning
between Euclidean and homogeneous coordinates. The entire set of corre-
spondences for a pair of images is denoted with S. Finally, a weight factor λ
is introduced to balance the discrepancy due to the presence of more negative
correspondences compared to positive ones, and a hinge loss with positive
(mp) and negative (mn) margins are applied.

3.2. PRSI dataset

To effectively train our proposed ICA methodology, a specialized dataset
including image pairs capturing day-to-night transitions is proposed. The
dynamic nature of these transitions presents unique challenges in feature
detection, making it important to utilize images that mirror real-world con-
ditions as closely as possible, while still maintaining low size to improve
training times and save computational power. This necessity leads to the
requirements of the PRSI dataset, which is designed to produce high-quality
yet low-resolution synthetic images (namely 640x640). The dataset is formed
with full control over camera poses, transformations, and objects within the
scene. Samples can be seen in Fig. 3. Additionally, we maintain complete
supervision over the lighting conditions. An overview of one of the sam-
ple maps formulated for this study, along with the camera path is shown in
Fig. 4.

The PRSI dataset is created using Unreal Engine 52 and Unreal Market-
place assets. To increase its applicability, three different types of scenes are
included, namely: i) indoors, ii) outdoors, and iii) urban scenes. These set-
tings are used to test and refine our training methods for feature detection.
PRSI includes 37k images for each of the day and night segments, leading to
a total of 74k image samples. To achieve high realism, high-definition tex-
tures (up to 8k resolution) are used. Rendering is done either with Lumen
or Ray-Tracing, both supported natively by Unreal Engine 5.

2Unreal Engine 5 is, at the time of writing, the latest graphics engine developed by
Epic Games (https://www.unrealengine.com/en-US/unreal-engine-5).
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The day-to-night image associations are achieved through a scripted camera-
based automation system, which precisely replicates the exact sensor trans-
formations across various scenes. This systematic approach ensures that each
pair of images shares the same camera position, orientation, and environmen-
tal structure setup, yet significantly differs in lighting conditions.

4. Experiments

Our current implementation builds upon and significantly enhances the
previous approach [16], through several key improvements. In our earlier
work, which will we refer to as ICA v0 for the rest of this paper, the focus
was primarily on reducing irrelevant features, leading to higher matching ac-
curacy among images with significant lighting differences. However, ICA v0
struggled with general applicability, particularly under changes in the cam-
era’s viewpoint, resulting in notably fewer feature point detections. In the
current implementation (ICA v1), hyperparameter tuning, threshold adjust-
ment, and an extended PRSI dataset are introduced to guide the training
process for both detection and description. In this section, we provide the
list of experiments we conducted to enhance the training procedure and the
trained models.

4.1. HPatches

We utilize HPatches [17] to tune and then evaluate the models on it.
HPatches include over 1k sample patches collected from various scenes, each
comprising a reference image and five variations that represent distinct trans-
formations, viewpoints, and illumination. Our experiments are divided into
two testing cases: i) one that uses the full version of HPatches and ii) one
that uses only the illumination subset.

The HPatches evaluation employs the metrics below:

• Repeatability: Calculates the ratio of correctly matched feature points
(with a distance threshold of 3 pixels) to the total number of detected
feature points. High repeatability indicates that the detector consis-
tently identifies the same points despite possible changes in the appear-
ance of the scene or the camera pose.

• Mean Localization Error (MLE): Computes the Euclidean distance
between corresponding feature points detected in different images. This

9
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distance represents the localization error for each feature point, and it
is computed as the average among all feature point distances of the
evaluation set.

• Nearest-Neighbor mean Average Precision (mAP): Assesses the
accuracy of feature descriptors by measuring the average precision of
the nearest-neighbor matching process.

• Matching Score: Evaluates the proportion of correctly matched fea-
ture points between image pairs, showing the overall effectiveness of
the feature descriptors.

4.2. Visual Odometry

In order to assess our final system, we make use of PySlam3, an open-
source visual odometry (VO) and SLAM framework.

To evaluate the models under different lighting conditions, we use two
subsets of the KITTI dataset, namely kitti00 and kitti06 [27], which offer
precise trajectory ground truth data.

We generate low-light and night-time equivalents of the above subsets
by drawing inspiration from the approach outlined in [31]. We found that
[32] had the best results in transforming a day-time image into a night-time
one. This allowed us to generate three new datasets: two using the afore-
mentioned method (night-kitti00 and night-kitti06), and a third one
(darker-night-kitti06), generated with an image darkening algorithm we
created using OpenCV and lookup tables (LUTs) to resemble near complete
darkness without light sources. Representative image samples are presented
in Fig. 5.

Through the above, our system evaluation within the context of VO
and SLAM was performed across five distinct sequences: (i) kitti06, (ii)
night-kitti06, (iii) night-kitti00, (iv) darker-night-kitti06, and (v)
day-to-night-kitti06. The day-to-night-kitti06 sequence transitions
between kitti06 and darker-night-kitti06 every 30 frames.

To assess the VO performance achieved through the proposed feature
extraction approach, several widely used key metrics [33] were utilized:

• Root Mean Squared Error (RMSE) in X and Y: Measures de-
viation in the ‘x‘ and ‘y‘ coordinates.

3https://github.com/luigifreda/pyslam
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• Mean Absolute Trajectory Error (ATE): Quantifies the global
deviation of the trajectory from the ground truth.

• Incremental Translation Error (ITE): Assesses errors in incremen-
tal movements between consecutive frames.

• Relative Pose Error (RPE): Measures relative errors between con-
secutive trajectory estimates.

5. Results

To properly evaluate the ICA method offering a direct measurement for
the provided performance improvement, we retrained Baseline Model on
the PRSI dataset in two distinct ways: one with the use of ICA (ICA v1),
and one without (no ICA). Both models are trained using the same images,
ensuring identical inputs.

5.1. Hyperparameter Tuning

A wide set of hyperparameters were evaluated before training our final
ICA-enabled model. Specifically, we tested different thresholds and hyperpa-
rameters to maximize the number of reliable feature points detected before
training the network with the proposed ICA module. We observed that the
repeatability and matching score both increase up to a certain point and then
decline(as shown in Fig. 6). Maximum performance is reached at a detection
threshold of 0.01 and a learning rate of 0.00007. Based on the above, we
were able to fine-tune the rest of the training process, ensuring that ICA was
experiencing the most robust set of input local image features.

5.2. Evaluation in HPatches

The HPatches dataset (illumination and camera transformation) is used
to evaluate the general performance of our models across a variety of con-
ditions, utilizing the evaluation metrics described in Section 4.1. Alongside
ICA v1 and no ICA, we also provide the results of the Baseline Model
(the initial model without retraining or applying ICA) [22].
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Table 1: Detector Metrics (HPatches)

Model Repeatability MLE

Baseline Model 0.63 1.07
no ICA 0.58 1.10
ICA v1 0.62 1.10

Table 2: Descriptor Metrics (HPatches)

Model mAP Matching Score

Baseline Model 0.78 0.45
no ICA 0.77 0.45
ICA v1 0.82 0.51

5.2.1. Full dataset

The results of the evaluation on the whole HPatches dataset are summa-
rized in Table 1 and Table 2. ICA v1, using our proposed method (ICA), is
performing better than the similarly trained model without the use of ICA.
Although the Repeatability and MLE show moderate improvement, the gains
in mAP and Matching scores highlight the effectiveness of ICA in enhancing
the model’s performance.

5.2.2. Illumination only subset

The results on the illumination subset of HPatches are summarized in
Table 3 and Table 4. ICA v1 achieves significantly higher mAP and Match-
ing Scores than no ICA and Baseline model’s, showcasing our method’s
effectiveness in improving feature reliability under challenging illumination
conditions.

5.3. Visual Odometry Evaluation

Our final system is evaluated within the context of a SLAM architecture
for computing the visual odometry of an autonomous robot. As evidenced in
Table5 model trained with our proposed ICA architecture, offers improved
performance results in all evaluated metrics, reaching over 60% RMSE reduc-
tion in ‘x’ and ‘y’ dimensions and up to 83% for the case of Mean ATE, ITE,
and RPE metrics. These improvements highlight ICA’s ability in minimizing
trajectory errors, reducing global drift, and improving local accuracy in low
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Table 3: Detector Metrics (HPatches illumination-only)

Model Repeatability MLE

Baseline Model 0.68 0.95
no ICA 0.66 0.95
ICA v1 0.68 0.93

Table 4: Descriptor Metrics (HPatches illumination-only)

Model mAP Matching Score

Baseline Model 0.81 0.55
no ICA 0.83 0.56
ICA v1 0.86 0.61

visibility and night-time scenarios. In the kitti-06 dataset, both models
exhibited similar performance, showing that the observed improvements are
attributed to the method itself rather than the characteristics of the dataset.
For the case of day-to-night-kitti06 specifically, ICA effectively handles
extremely dynamic lighting transitions, with substantially reduced error met-
rics, showing that the same local features cannot only be used at extreme
-through static- illumination conditions; but also in cases where the lighting
significantly changes over time.

Furthermore, Fig.7 presents qualitative results of the estimated trajecto-
ries (green) as compared to the ground through (red) of the KITTI dataset.
As it can be seen, the ICA v1 is capable of computing the platform’s path
significantly more accurately, proving the significance of our method for au-
tonomous robotic missions. Finally, Figure 8 shows feature matching results
between day and night images from VO evaluation sequences. The night
images are two frames ahead in the sequence. We include three examples:
kitti06 with dark-kitti06, kitti06 with darker-kitti06, and kitti00

with dark-kitti00, highlighting the system’s robustness in detecting and
matching features under varying illumination.

6. Conclusions

In this paper, we presented a comprehensive study on enhancing feature
detection and description under varying illumination conditions, targeting
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Table 5: Comparison of ICA v1 and No ICA models across the test sequences.
Model Metric kitti06 night-kitti06 darker-night-kitti00 day-to-night-kitti06 night-kitti00

RMSE in X 4.38 16.32 22.92 11.14 11.94
RMSE in Y 4.68 2.77 4.28 4.17 5.13

ICA v1 Mean ATE 4.84 13.42 18.75 8.63 11.84
Mean ITE 1.97 36.75 112.07 19.12 9.95
Mean RPE 0.07 0.41 1.12 0.34 0.09

RMSE in X 5.99 45.98 138.59 79.29 35.52
RMSE in Y 2.84 3.45 31.24 38.96 21.44

No ICA Mean ATE 5.04 29.42 109.26 71.17 36.30
Mean ITE 0.93 44.85 338.40 154.27 46.12
Mean RPE 0.05 0.83 4.46 1.74 0.45

autonomous robot applications that operate with a single RGB camera. We
started by expanding our preliminary implementation of the PRSI dataset,
which provides high-quality synthetic images with controlled lighting con-
ditions, ensuring reliable training data. We then expanded and refined our
ICA method, which leverages the reliable feature points detected in fully
lit images with features from the low-lighting samples to guide the training
process.

By comparing models trained with and without the use of ICA, we high-
lighted its critical role in significantly enhancing local feature detection and
matching, in addition to the visual localization performance of a SLAM ar-
chitecture especially when lighting conditions became progressively darker.
Our experiments showed improvements in key metrics such as MLE, mAP,
and matching score on the evaluation set of HPatches, as well as in the tra-
jectory errors, RMSE, mean ATE, ITE, and RPE, of the PySlam toolkit.
Our future work will explore the integration of additional sensors, such as
LIDAR, and the use of more complex datasets to further improve the ro-
bustness and applicability of our approach in a wider range of environmental
conditions.
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Detector

Ground 

Truth Data

Figure 1: Illustration of our proposed Illumination Conditions Adaptation (ICA) method.
Features are detected on two identical views with different illumination conditions. They
are combined, filtered, and then used as ground truths for the subsequent training.
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Figure 2: Schematic representation of Illumination Condition Adaptation (ICA) integra-
tion into the selected deep local feature extraction model. Initially, keypoints are detected
from the daytime and the equivalent nighttime image using the pre-trained detector. Ho-
mographic adaptation is then applied to each input image, generating multiple transformed
versions through rotations, translations, and scalings. The resulting heatmaps are aggre-
gated, and ICA is used to filter, combine, and impose the feature points as ground truths
for the subsequent training of our final system/

Figure 3: Sample images from our dataset demonstrating corresponding day (left) and
night (right) recordings of the same scene.
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Figure 4: One of the maps used to render images for the proposed PRSI dataset.

Figure 5: Sample images from (from top to bottom): kitti06, night-kitti06,
darker-night-kitti06, and night-kitti00.
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Figure 6: Performance metrics across different thresholds and learning rates.

(a) ICA

(b) No ICA

Figure 7: Comparison of trajectories generated by (a) ICA v1 and (b) No ICA. From
left to right: kitti06, night-kitti06, darker-night-kitti06, day-to-night-kitti06,
and night-kitti00. The red line represents the ground truth trajectory, while the green
line depicts the estimated trajectory.

Figure 8: Feature matching results between day and night images, where the night image
is two frames ahead. From left to right: kitti06 with dark-kitti06, kitti06 with
darker-kitti06, and kitti00 with dark-kitti00.
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A Deep Actor-Critic Reinforcement Learning
Framework for Persistent Keypoint Detection

under Challenging vSLAM Conditions
Panagiotis Bakirtzis1, Ioannis Kansizoglou2, and Loukas Bampis1

Abstract—Existing visual Simultaneous Localization and Map-
ping (vSLAM) methods heavily rely on visual feature detection
algorithms, which become unreliable or indistinguishable under
poor illumination conditions. When visual perception does not
meet the requirements of each specific environment, effective
navigation should not rely on higher resolution sensing, but on
smarter learning algorithms and predictive models. In this paper,
we present a novel approach by introducing a Reinforcement
Learning framework, utilizing an Actor-Critic scheme, which
can be used by any type of deep feature detector. Our proposal
prioritizes the extraction of fewer, more robust, and reliable
subsets of keypoints that are trackable over time, leading to
improved matching and, in turn, more accurate localization. The
goal is quality over quantity by assigning to the RL the task of
objectively deciding which keypoints are considered important
for vSLAM. Our experimental results demonstrate that our
method outperforms the original state-of-the-art models in a
variety of publicly available challenging datasets for localization.

Index Terms—vSLAM, Localization, Keypoint Detection, Deep
Learning, Reinforcement Learning

I. INTRODUCTION

WHETHER guiding robots successfully through crowded
cities with Autonomous Navigation Systems or inter-

acting with digital objects in the real-world through Aug-
mented Reality [1], [2], [3], the core functionality relies on
accurate and efficient visual Simultaneous Localization and
Mapping (vSLAM) [4] solutions, where robust, low-cost, and
passive sensing is essential. The general SLAM [5], [6], [7]
algorithms in autonomous systems aim to estimate an agent’s
pose, while concurrently building a map of the environment
by fusing sensory data. On the contrary, vSLAM has gained
attention for its simplicity, by solely utilizing camera-derived
measurements as input to leverage rich visual information.
However, it comes with unique challenges since it depends on
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Fig. 1. An overview of the proposed system. The core idea includes the
deployment of a Reinforcement Learning (RL) pipeline to train a deep feature
extractor on detecting robust visual keypoints that would “survive” within
visual Simultaneous Localization and Mapping (vSLAM) [4] architecture.

the environment’s scene appearance, which can degrade fea-
ture tracking and subsequently lead to trajectory and mapping
failures.

While conventional vSLAM approaches have proven them-
selves effective in controlled environments, their strict de-
pendence on carefully designed hand-crafted visual features,
in combination with their demanding geometric modeling
makes them fragile in challenging real-world tasks with weak
textures, varied and harsh illumination conditions or unpre-
dictable structures. In such cases, classic feature extraction
methods produce short-lived or weak keypoints, leading to
deficient vSLAM performance. Based on the above interpre-
tation, it becomes necessary to revisit the keypoints selection
and exploitation strategies, in order to address feature stability
and improve long-term localization.

Inspired by the necessity to fill this gap, our proposed
solution comes as an addition in visual feature extractor
techniques specifically targeting vSLAM architectures. Our
guiding principle is to maximize long-term feature trackability,
rather than raw feature count, as seen in Fig. 1. To achieve this,
we developed a learning-based feature selection pipeline [8],
making use of the well-established SuperPoint [9] architecture
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as a case-study. Traditionally, local keypoints are detected,
paired, and refined via geometry verification techniques, such
as the 8-Point [10] and the Random Sample Consensus
(RANSAC) [11] algorithms. Through reverse engineering, we
exploit this procedure in order to systematically train a deep
Reinforcement Learning (RL) [12] architecture to discern local
features in the detection state, that are more likely to survive
the above filtering scheme in a sequence of images.

Through a reward-penalty policy, RL has the ability to
teach the whole system on how to prioritize visual features
that contribute the most to long-term localization accuracy.
We take RL a step further by employing an Actor-Critic
[13], [14] framework on it, which operates by jointly training
a policy (Actor) on choosing stable features and a value
function (Critic) on evaluating their long-term contribution to
localization. Unlike conventional and existing Deep Learning
(DL) methods [15], [16], we introduce the following key
novelties:

• No Ground Truth Required During Training: Our
method enables autonomous adaptability, allowing real-
time vSLAM in unknown complex conditions without the
need of predefined pose data.

• Reliable and Persistent Keypoints Through Time: The
detected features serve as robust landmarks for consistent
vSLAM across multiple observations, allowing for fewer
keypoints and reducing the computational complexity.

• Environment-Aware vSLAM: The above integration
allows the generation of environment-specific represen-
tations, which are particularly valuable in challenging
conditions, such as low-lighting.

Finally, to systematically evaluate the effectiveness of the pro-
posed method and ensure fair and consistent comparison with
the latest existing approaches, we follow a structured protocol
to support reliable benchmarking through training, evaluation,
and testing, demonstrating competitive performance compared
to the state-of-the-art.

The paper’s structure is outlined as follows. In Section II,
we investigate the existing literature in the domain of vSLAM
implementations and visual keypoint-based extraction, high-
lighting key trends and limitations. Section III introduces in
detail our proposed method to facilitate understanding. The
experimental framework and our proposal’s evaluation within
vSLAM is presented in Section IV. The paper concludes in
Section V, where our findings are summarized and potential
extensions are discussed.

II. RELATED WORK

In the typical cases, vSLAM architectures rely on the
detection of hand-crafted local keypoints from each frame,
which are matched among consecutive images. These matches
are used to extrapolate both the camera transformation and
the coordinates of those keypoints in the 3D world. Among
the available literature, ORB-SLAM3 [17] is one of the most
advanced and widely used feature-based vSLAM architectures.
It presents enhanced control over multi-map localization,
loop closure, and global optimization through cost function
minimization. Its efficient relocalization ensures repositioning

while operating in real-time. Evidently, ORB-SLAM3 exhibits
great results in rich textured environments, offering compet-
itive results against other similar methods in its category.
Despite their computational efficiency, there are significant
shortcomings for vSLAM architectures that are based on hand-
crafted rules for detecting local keypoints. Under low-texture,
dynamic, and challenging lighting conditions they become
sensitive, leading to tracking failures and unreliable feature
extraction [18].

Learning Invariant Feature Transform-SLAM (LIFT-SLAM)
[19], as its name suggests, is an advanced hybrid monocular
vSLAM system that seamlessly integrates DL-based feature
extraction and traditional model-based SLAM techniques into
a single framework. It harnesses the power of deep Con-
volutional Neural Networks (CNNs) to learn discriminative
features. Moreover, the network’s output is a set of key-
points with associated descriptors for tracking, localization,
and mapping, with the ability to remain invariant to scaling,
rotation, and illumination alternations. Though robust, it still
faces certain challenges. The LIFT network requires large
amounts of labeled data for training, making it both resource
intensive and time consuming. This dependency on large-
scale data can result in system behaviour shifts, making it
vulnerable to overfitting and unable to generalize well to
unseen environments or novel conditions. Additionally, LIFT-
SLAM faces challenges in dynamic environments cause of its
versatility in dynamic object segmentation or tracking.

Conversely, modern DL-based techniques have come to
remodel the existing SLAM methodologies. BEV-DWPVO
[20] is a DL-driven approach to Visual Odometry (VO). By
using DL, it combines a Bird’s Eye View (BEV) perspective
with depth estimation that attempts to calculate and infer both
the relative camera motion-pose and depth information. The
process involves the transformation of images into a top-down
view, simplifying the terrain’s spatial representation. Its archi-
tecture is based on end-to-end optimization that leads to even
better integration and performance of the entire pipeline of
camera motion estimation. While the current design improves
efficiency, it still relies on ground truth pose data, which cannot
be guaranteed for each targeted environment.

As evident by the above, local feature detection plays a
significant role in the performance of each individual vSLAM
architecture. Traditional feature detectors, such as Oriented
FAST and Rotated BRIEF (ORB) [21], Speed Up Robust Fea-
tures (SURF) [22], Scale-Invariant Feature Transform (SIFT)
[23], and more recent self-trained methods like SuperPoint
[9] are usually designed and trained to improve low-level
matching rates. ORB is well-known for its lightweight algo-
rithmic design and the ability to extract keypoints fast and
efficiently, achieving an equilibrium between process speed
and quantity. SURF and SIFT have both similar architectures,
ideal for robust detections and accurate matching. Neverthe-
less, the above hand-crafted optimizations, under challenging
conditions, do not always assure the corresponding expected
enhanced performance in high-level vision tasks, becoming
often sensitive to lighting changes, and therefore unreliable to
detect consistent keypoints in low illumination environments.
SuperPoint, similarly to its derivatives [24], [25], overcomes
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the classical feature detection methods. Its special fully-
convolutional model has made it increasingly popular to be
integrated in modern DL-based SLAM systems. Nevertheless,
it requires additional time-consuming training, with guidelines
that focus on detecting corners in a generic manner, with-
out considering tracking persistent keypoints from prominent
world landmarks.

Among the existing literature, probably the most closely
aligned with our proposal is the one in [26]. The authors
present a pre-trained DL feature extractions network aimed at
optimizing the detection and description of keypoints across
consecutive frames. Keypoint selection and descriptor match-
ing are handled as sampling probabilistic operations. The
keypoints are matched across the frames and used in a 5-Point
algorithm scheme to compute relative transformations, which
are subsequently compared against the localization ground
truth, yielding the error metric to “feed” an RL’s reward
function. Despite its dynamic training scheme, this approach
still depends on ground truth data, which are yet hard to be
obtained. On the contrary, our method, computes directly the
RL’s reward as the percentage deviation of accurately matched
inlier keypoints and the total keypoints detected, based on the
computed camera transformation among consecutive frames.
Furthermore, beyond implementing the baseline of the RL ar-
chitecture, we incorporated a more sophisticated and efficient
training method from the broader RL’s algorithmic family, the
Actor-Critic. We opt for this approach with the insight of
letting the Actor to learn a full action set, while the Critic
constantly evaluates its totality, providing real-time feedback
to refine feature selection for a complete sequence of input
camera measurements.

III. METHODOLOGY

In our work, we adopt a hybrid methodology that leverages
the power of DL to explicitly learn the detection of local
features that are more likely to contribute to the vSLAM
engine, by respecting the geometrical constrains of a mov-
ing camera. The subsequent subsections, along with Fig. 2,
describe the implementation details of our Actor-Critic RL
framework. Each network plays an independent role within the
framework. In general terms, the Actor learns the policy, while
the Critic evaluates the Actor’s performance over a series of
implemented actions. Within the context of our research, the
Actor decides which keypoints are persistent and trackable
through a sequence of frames, while the Critic estimates the
value of those decisions for long-term reward. In addition, the
reward is defined as the percentage of the detected keypoints
that respect a computed camera transformation, among the
total keypoints found by the Actor.

A. Actor Network for Feature Points Detection

The primary objective of our methodology is to train a fea-
ture extraction framework capable of detecting robust, stable,
and distinctive keypoints for vSLAM, even under adverse en-
vironmental conditions. To achieve this, we adopt SuperPoint
as our Actor’s network; a widely acknowledged architecture
in the literature. The output of SuperPoint corresponds two

DATASETS

Urban (Different Lighting) 

FEATURE EXTRACTOR

SuperPoint

GEOMETRY VERIFICATION FILTER

RANSAC & 8-Point

DEEP LEARNING PIPELINE

Reinforcement Learning

Encoder

Interest Point Decoder

Descriptor Decoder (Frozen)

Trainable Layers

Input Frame

W

H

W

H

1 1

Output Frame

State

Actor

CriticSequence Heatmaps

Weights
Update

Result EstimationWeights Update

ST
AT

E

KITTI M2DGR 4Seasons

Frames and Scores

Fig. 2. An overview of the proposed methodology. Given the input camera
stream from a specific environment, feature extraction is performed based
on a pre-trained model of SuperPoint. The detected keypoints are matched
with the subsequent ones from the respective image sequence, based on
a geometry validation step that employs the 8-Point algorithm under the
RANSAC scheme. Finally, the percentage of surviving keypoints is used as
a reward in an Actor-Critic architecture to refine the weights.

heads: i) a heatmap of local features scores, which can be
thresholded to provides direct sets of feature points, and ii)
a fully connected layer of the corresponding descriptors. This
architecture allows it to be straightforwardly applied on the
majority of vSLAM architectures. However, alternative end-
to-end trainable models can also be adopted without any
modifications to the described approach.

To better suit our objectives, we deliberately break the
joint optimization between the detector’s and the descriptor’s
weight branches during learning, by freezing the descriptor’s
weights and leaving only the keypoint detectors available
for training. One key insight of the above decision is to
stabilize training and offer faster convergence with less chance
of overfitting the whole network. Another benefit is that by
freezing the descriptors, the network model will not need
to adapt and respond to weak descriptors during training,
and it will be forced to produce more stable and distinctive
keypoints. Finally, we incorporate a pre-trained variant of the
aforementioned network, available in 1.

B. RL Reward Function Based on Geometrically Verified
Matches

The incoming frames of a robotic agent’s RGB camera
stream (state of the RL scheme) are partitioned into sequences
of size s with overlap. Upon completion of sequence S,
the Actor’s action is to detect the local keypoints and their
descriptors on every image-member (I1, I2, ..., Is) in S.
Those features are then matched among the image-members
and the 8-Point is used for estimating the fundamental matrix
from their point correspondences. To refine this estimation,
the RANSAC framework is utilized for identifying the fun-
damental matrix assumption with the most inliers. Since the
computation of the fundamental matrix is directly linked to
the inter-frame camera transformations, the above procedure

1SuperPoint repo: github.com/magicleap/SuperPointPretrainedNetwork

https://github.com/magicleap/SuperPointPretrainedNetwork
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serves as a filter in order to exclude the detected outlier
keypoints and award the RL pipeline with the inlier ones that
are most likely to contribute to a vSLAM module.

Method 1: “Surviving”  Visual Feature Keypoints in a Sequence 

Method 2: Repetitive Visual Feature Keypoints in a Sequence 

Fig. 3. An overview of the proposed reward approaches. The first method
evaluates the keypoints survive from the first to the last image within a
recorded sequence of size s. The second one measures the keypoints are
matched among the first image and the rest sequence members.

To formulate the reward calculation, two distinct approaches
are assessed as shown in Fig. 3. In the first one, starting with
I1, we establish correspondences with the subsequent frame,
by following the geometrically consistent matching described
above. The resulting set of keypoints is then matched to I3,
and the process is repeated until the final frame of the sequence
Is is reached. The following recursive function describes the
denotation of the subset of features that have survived the
geometrically consistent matching, from I1 up to Is:

Tsrv(I1) = D(I1),

Tsrv(Ii) = M(Tsrv(Ii−1), D(Ii)), for i∈{2, ..., s},
(1)

where D(Ii) corresponds to the set of detected keypoints from
frame Ii, and M(A,B) ⊆ B returns the subset of B, whose
elements admits a geometrically verified match with at least
one element of A. Based on this interpretation, the reward
function is computed as:

Rsrvi,i+1 = λ
|Tsrv(Ii+1)|
|Tsrv(Ii)|

, for i∈{1, ..., s−1} and λ∈R+, (2)

where |...| denotes the cardinality of each set, and λ is a
weighting term that balances the contribution of this compo-
nent to the overall objective.

Our second approach for computing the reward function is
more lenient, and it is based on a pair-wise matching among
the first frame I1 and the rest of the remain images in S.

Tcmp(I1) = D(I1),

Tcmp(Ii) = M(Tcmp(I1), D(Ii)), for i∈{2, ..., s}.
(3)

More specifically, the number of geometrically consistent
matches from I1 and every other member of S is computed,
and the reward function is formed as:

Rcmpi,i+1
= λ

|M(I1, Ii+1)|
|Tcmp(I1)|

, for i∈{1, ..., s−1} and λ∈R+.

(4)

C. Critic Network

We introduce a novel model design for implementing the
Critic network’s architecture. A CNN pipeline is proposed
for the evaluation of the reward’s quality. The algorithmic
structure consists of convolutional layers followed by batch
normalization layers, activation function, max-pooling layers,
and with fully connected layers at the end to reward or penalize
the Actor’s actions. Figure 4 provides a detailed representation
of the Critic’s network configuration.

In order to evaluate Actor’s actions, the Critic’s pipeline
initiates with the acquisition phase and proceeds through
several transformative steps, culminating in the final output.
After the completion of each sequence S, where the processes
of extracting keypoint detections from the frames, matching
geometrically verified feature pairs, and calculating their re-
spective rewards, it is time for these values to be fed into the
Critic network in order to evaluate the current action. Step one
entails computing the Tempolar Difference Error (TDE). The
equation below represents a discounted sum of future rewards,
where the goal is to estimate how beneficial each action is
considering both immediate and future rewards in a recursive
way:

δ(t− 1) = RX(t− 1),

δi,i+1 = RXi,i+1
+ γ · δ(i+ 1), for i∈{t−1, ..., 0},

(5)

where RX represents either reward functions described in
Section III-B, δi,i+1 are the discounted returns, δ(t − 1) is
essentially a starting point for the recursion loop, and γ is the
discount factor controlling the future rewards’ weighting in
the calculation. After calculating the returns, normalization is
applied to achieve a mean of 0 and a standard deviation of 1.
This helps to stabilize training by ensuring a confined range
of values:

∥δi,i+1∥ =
δi,i+1 − µδ

σδ + c
, for i∈{t−1, ..., 0}, (6)

where ∥δi,i+1∥ is the normalized discounting sum term, µδ is
its mean value, σδ is its standard deviation, and c is a small
constant to avoid division by zero (in our implementation, this
value was set to 1 · 10−5). Subsequently, the above computed
normalized discount sum, together with the heatmap scores
of each detected local feature, are used as inputs into the
Critic network, in order to estimate the Actor’s performance
in facilitating vSLAM keypoints extraction:

Pi,i+1 = C(Hi, Hi+1, ∥δi,i+1∥), for i∈{1, ..., s−1}, (7)

where P is the predicted reward from the Critic, C is the
Critic’s network, and H is the heatmap scores of each detected
feature point.

Once the predicted reward is extracted, the losses for the
Critic and Actor Networks are computed. For the Critic loss
lcr, the Smooth L1 Loss, also known as Huber Loss, is used
to ensure that the loss function will be less sensitive to outliers
and prevent exploding gradients:
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Critic Netwrork

Fully Connected Layer
Transforms each feature vector → [1024]

Concatenation Layer

Combines 3 vectors of size 1024 → [3072]

Fully Connected Layer

FC + ReLU → [1024]

Fully Connected Linear Layer

FC → [1]

Convolutional Layer

6 x (Conv2D → BatchNorm2D → ReLU → MaxPool2D)

Global Average Pooling Layer
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6 x (Conv2D → BatchNorm2D → ReLU → MaxPool2D)
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Critic’s  Estimation State Value

Reward (i)

Heatmap (i)
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Fig. 4. Graphical representation of Critic’s architecture. After the initial Convolutional Layers, a Global Average Pooling Layer reduces the spatial dimensions,
and the output is passed through three Fully Connected Layers, combining features from the heatmaps and quality score inputs. The final layer outputs a
scalar value, used for the Actor’s evaluation during training.

lcri,i+1
=

{
0.5 (Pi,i+1 − ∥δi,i+1∥)2 /β, |P−∥δ∥|<β

|Pi,i+1 − ∥δi,i+1∥| − 0.5β, otherwise,
(8)

where β typically represents a threshold or scale parameter
that determines when the loss behaves like L1 or L2 loss.

For the Actor’s loss lac, we first need to calculate the Advan-
tage Function A, which measures how much better or worse
the Action is compared to the Critic’s predicted reward. To
encourage exploration by discouraging deterministic policies,
our method integrates policy entropy distribution as part of
the optimization process and policy’s behavior shape. The
entropy is calculated using the Softmax Function, which gives
a probability distribution over the possible actions based on
the heatmaps scores:

Ai,i+1 = ∥δi,i+1∥| − Pi,i+1, for i∈{1, ..., s−1},

E = −
s−1∑
i

Hi · logHi, for i∈{1, ..., s−1}.
(9)

Then, the loss is a combination of two terms. The first
term represents the policy gradient where the advantage is
multiplied by the action probabilities. The second term is the
entropy regularization, scaled by a factor b (in our model, the
value is set to 0.2), to encourage exploration by discouraging
deterministic policies:

laci,i+1
= −Ai,i+1 ·Hi − bHi, for i∈{1, ..., s−1}. (10)

In the final step, each image-pair’s individual loss in the
sequence, both for the Actor and the Critic, is summed and
backpropagated through each network. This step ensures that
both networks are optimized based on the gradients of their
respective losses.

IV. EXPERIMENTS

A. Datasets Selection

To evaluate our approach, we made use of several publicly
available datasets relevant to the real-world vSLAM applica-
tions under challenging conditions. The criteria considered
include factors such as environmental diversity, purity and
illumination, dynamic objects, and sequence length.

The KITTI Dataset [27] is chosen as an essential start-
ing point, providing a foundational perspective on vSLAM’s
performance and evaluation of our proposed framework. It
provides high-quality recorded frame sequences and accurate
localization ground truth, making it highly relevant for training
our keypoint detector.

To assess the performance of our learned features in the
context of datasets characterized by low lighting conditions,
a night-time subset of the Oxford RobotCar Dataset [28] was
chosen. It introduces the necessary diversity and challenge,
including poor visibility, low textures, and lighting inconsis-
tencies, through the inclusion of artificial light sources, such as
streetlights, vehicle headlights, and shadows. Additionally, it
contains significant occlusions, like cars, pedestrians, or street
signs, that can disrupt feature detection.

Finally, the 4Seasons Dataset [29], and more specifically the
night-time segment of the dataset, represents the most chal-
lenging case of our evaluation. The subset provides extremely
near-dark and night-time sequences conditions under which
most vSLAM and feature detection methods are stretched to
their limits. The primary visual content consists of frames that
are dominated by darkness, with minimal features apart from
sparse illumination from streetlights, vehicle headlights, and
faint lane markings.

We configured SuperPoint’s algorithm to disregard the cars’
hood from both the Oxford RobotCar Dataset and 4Seasons,
avoiding any distortion of the results. Therefore, the bottom
160 pixel rows were cropped from all frames of the Oxford
RobotCar Dataset, and 100 pixel rows from the 4Seasons.

B. Experimental Protocol

To provide conclusive evidence supporting the validity of
our novel methodology, we applied a comprehensive and
tightly regulated experimental procedure.

1) Dataset Partitioning: Each dataset underwent partition-
ing into training, validation, and testing components. The
training sequences were further divided into two partitions
such that 80% was allocated for actual model training and
the remaining 20% for validation, allowing us to monitor
convergence behavior and ensure the model’s performance
remained consistent. In the training stage, the KITTI 00
(KITTI Dataset) and Old Town 03 (4Seasons Dataset) subsets
were selected.

In order to provide a fair evaluation scheme and report
representative results that are not directly affected by the
implementation choices of our method, an independent eval-
uation sequence for each dataset was employed to assess the
influence of our system’s components on its final performance;
namely, the two reward functions described in Section III-B,
the frame sequences size s, and the number of features
required to successfully achieve vSLAM. In such a way, the re-
ported performance is not directly influenced by our method’s
optimization. During this stage, the KITTI 06 (KITTI Dataset)
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TABLE I
PERFORMANCE EVALUATION OF THE MOST REPRESENTATIVE CONFIGURATIONS FOR THE PROPOSED RL ARCHITECTURE ON THE EVALUATION

DATASETS. NOTATIONS IN BOLD HIGHLIGHT THE BEST PERFORMING CONFIGURATIONS AND RESPECTIVE RESULTS.

RMSE of ATE

KITTI Dataset Oxford RobotCar Dataset
KITTI 06 Night 2014-11-14 (Seq. 06)

λ = 1 λ = 0.6 λ = 1 λ = 0.6

2000 Features 500 Features 2000 Features 500 Features 500 Features 500 Features

Rsrv Rcmp Rsrv Rcmp Rsrv Rcmp Rsrv Rcmp Rsrv Rcmp Rsrv Rcmp

Orig. SuperPoint 6.0949 3.7821 6.0949 3.7821 142.2156

RL Seq. 4 4.7951 7.5716 2.5214 3.1006 2.1022 1.1145 2.8254 6.1134 107.1950 103.9883 108.6744 104.3625
RL Seq. 6 6.9793 7.5397 1.0067 1.2850 6.8276 2.2506 3.6193 5.8046 126.2964 111.7400 100.2854 108.2382
RL Seq. 8 3.2170 3.1215 6.5994 3.2047 2.5788 3.5799 5.9269 1.9975 93.7988 121.4565 120.9922 113.9244
RL Seq. 10 5.9257 6.0429 6.6710 3.2257 3.4640 6.0180 4.9629 5.4939 102.6827 126.7368 87.6867 103.8103
RL Seq. 12 3.9553 7.2241 7.0075 3.4064 8.5982 2.6419 5.1632 4.9357 97.2748 107.2545 109.5952 107.3652
RL Seq. 14 1.6735 2.8097 6.1458 4.4746 1.3075 6.7910 7.4187 0.8408 88.5257 101.2120 102.3565 116.2311
RL Seq. 16 7.9809 4.5950 6.5548 3.3162 2.4412 4.6457 2.4943 1.6361 119.6435 109.1168 115.0317 115.6323
RL Seq. 18 4.2875 5.5911 4.7913 1.3925 8.0202 7.7058 3.8707 5.3165 89.3586 110.3494 106.3562 113.6092

KITTI 06
(KITTI Dataset)

E V A L U A T I O N

KITTI 05
(KITTI Dataset)

T E S T I N G

Night 2014-11-14 (Seq. 04)
(Oxford RobotCar Dataset)

E V A L U A T I O N

Old Town 04
(4Seasons Dataset)

T E S T I N G

Fig. 5. Qualitative comparative results for the evaluation and testing datasets. The localization results, obtained thought the best performing parameters found
during our evaluation experiments, are shown in green, while the ones produced through the original Superpoint implementation are presented in blue. The
ground truth trajectories of the respective datasets are presented in red.

and Night 2014-11-14 (Seq. 04) (Oxford RobotCar Dataset)
subsets were chosen. For the case of 4Seasons Dataset, only
one of the provided sequences offers localization ground truth
data; thus, the validation stage was once again performed
on the above sequence of Oxford RobotCar since its subset
closely resembles the characteristics of the 4Seasons one. Note
that the ground truth information is only used for assess the
performance of each approach and not for the actual keypoint
detection training.

The testing dataset sequences were reserved in order to
assess the generalization capabilities of our best performing
trained architecture in different sequences of similar condi-
tions. In addition, they also serve as comparative scenarios
between the proposed RL-based SuperPoint feature extraction
method and the original one. Specifically, the KITTI 05
sequence was selected for measuring the final testing accuracy
of the KITTI Dataset and the Old Town 04 for the 4Seasons
one.

2) Training Procedure: The training process is preceded
each time by the selection of the batch size, learning rates,
number of warm-up epochs, step schedulers, and accuracy
score type. The three different batch sizes were evaluated,
viz., 16, 32, and 64, allowing the model to accommodate
sequences of different lengths. We additionally assessed two
separate learning rates a in our Actor-Critic architecture, by
implementing Adam Optimizer. Typically, αA is set lower than
αC due to the higher variance in policy gradient estimates.
In our setup, the αA was set to 2.5 · 10−10 and αC to
2.5 · 10−8. To prevent large, unstable updates in the early
stages of training, where the agent’s policy is still unrefined,
warm-up epochs with even smaller learning rate than the
starting one are used. In this way, the agent makes controlled
adjustments, reducing the risk of diverging due to random
and noisy reward signals. Our warm-up phase consist of 2
epochs, where the learning rate is incrementally increased
from a smaller value to the desired one. Furthermore, during
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TABLE II
COMPARATIVE RESULTS BETWEEN THE ORIGINAL SUPERPOINT AND THE

WEIGHTS PRODUCED THROUGH THE PROPOSE RL FRAMEWORK.

Dataset KITTI 05 Old Town 04

SuperPoint Ver. Original RL* Original RL**

RMSE in axis X 3.9888 2.8403 250.5834 130.6972
RMSE in axis Y 3.9330 3.4396 113.6348 65.2899
Mean ATE 4.1954 3.0803 206.2941 119.4631
RMSE of ATE 5.6017 4.4608 275.1452 146.0928
*max features: 500, seq. size: 14, λ = 0.6, Rcmp

**max features: 500, seq. size: 10, λ = 0.6, Rsrv

the training procedure, we further applied step-schedulers in
order to strike a balance between fast exploration and stable
convergence. In our configuration, αA is updated according to
a fixed rate of 60% every 10 epochs, while αC is updated one
epoch later, with the same percentage reduction, allowing the
Critic to adapt on the new Actor’s behavior. Finally, training
is guided by a convergence threshold and terminated once the
Actor Loss falls quietly below a predefined boundary of 0.005,
indicating sufficient convergence.

3) vSLAM Evaluation: For systematic benchmarking and
comparative analysis across the aforementioned different con-
figurations and datasets, we made use of the pySLAM tool2.
The tool is designed with rapid testing in mind, offering
a comprehensive evaluation pipeline that supports multiple
feature extractors and SLAM configurations and integration
with modern deep learning models. In our experiments, we
employed the monocular pySLAM’s VO module to estimate
camera motion trajectory, by using the proposed RL Su-
perPoint features and measuring the Root Mean Square of
the Absolute Trajectory Error (RMS ATE) of each trained
configuration. Using the above-stated evaluation sequences
from Sections IV-A and IV-B1, we cross-evaluated 8 different
sequence sizes s ∈ {4, 6, 8, 10, 12, 14, 16, 18}, as well as
the reward function described in Section III-B and Eq. 2,
4 with two different weight contribution λ values 1.0 and
0.6. Moreover, we measured the VO SLAM performance by
imposing two thresholds on the maximum number of features
extracted, namely 2000 and 500, to evaluate capacity of our
approach for learning and promoting the most suitable key-
points for vSLAM applications. Finally, all these parameters
were applied to both proposed rewards functions described in
Section III-B. Table I summarizes the results we obtained from
each evaluation dataset. As it can be seen, the system remained
remarkably effective with even fewer features, occasionally
yielding superior results, demonstrating that our geometrically
verified training scheme is able of identified the most suitable
local keypoints for reliable localization.

C. Results

The best performing configurations, as identified in Section
IV-B3 were used to test our final system’s performance in
the designated testing datasets. Table II presents the obtained
results, as compared against the original SuperPoint weights

2pySLAM repo: github.com/luigifreda/pyslam

for feature selection. Qualitative results are also shown in Fig.
5 for all the selected datasets, where the estimated trajectories
are included, together the localization ground truth. In every
case under consideration, the evidence consistently supports
that our method successfully estimates the overall trajectory
of the moving platform, outperforming the outcome of the
original SuperPoint network and evidently managing to iden-
tify less, but more consistent and geometrically valuable local
keypoints for vSLAM. Evidently, the localization performance
improvement is more profound in the sequences of dark
environmental conditions since the detection of local keypoints
(especially during abrupt turns) is more challenging compared
to the rest of the cases.

V. CONCLUSION

Framed within the context of modern vSLAM challenges,
the presented research establishes a sound methodological
approach for robust feature extraction under light and adverse-
dark visual conditions, by providing a coherent integration of
RL and vSLAM. Our proposed system takes advantage of
the Actor-Critic learning scheme’s capacity, while considers
the feature detections within a sequence of constituent images
as the network’s action. Then, a reward function, specifically
designed to inherit well-established 3D-geometry principles,
is used to assess these actions and allow the final network to
explicitly learn the detection of the most meaningful vSLAM
keypoints, tailored to each individual environment’s condi-
tions. Our experimental results demonstrate the superiority
of our approach as a learning scheme, surpassing the corre-
sponding performance of the original feature point detection
architecture.

Further efforts will be directed towards the implementation
and inclusion of the previously “frozen” descriptors in the RL
training process. The integration of the proposed approach into
a continuous learning architecture will also be evaluated in
order to support the deployment of robotic agents across a
wider variety of sites, by adapting on-the-fly their vSLAM
capabilities to the characteristics of each individual environ-
ment.
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