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Abstract— Autonomous robot navigation relies on the robot’s
ability to understand its environment for localization, typi-
cally using a Visual Simultaneous Localization And Mapping
(SLAM) algorithm that processes image sequences. While
state-of-the-art methods have shown remarkable performance,
they still have limitations. Geometric VO algorithms that
leverage hand-crafted feature extractors require careful hyper-
parameter tuning. Conversely, end-to-end data-driven VO al-
gorithms suffer from limited generalization capabilities and
require large datasets for their proper optimizations. Recently,
promising results have been shown by hybrid approaches
that integrate robust data-driven feature extraction with the
geometric estimation pipeline. In this work, we follow these
intuitions and propose a hybrid VO method, namely Learned
Features For SLAM (LF?SLAM), that combines a deep neural
network for feature extraction with a standard VO pipeline. The
network is trained in a data-driven framework that includes
a pose estimation component to learn feature extractors that
are tailored for VO tasks. A novel loss function modification is
introduced, using a binary mask that considers only the infor-
mative features. The experimental evaluation performed shows
that our approach has remarkable generalization capabilities in
scenarios that differ from those used for training. Furthermore,
LF?SLAM exhibits robustness in more challenging scenarios,
i.e., characterized by the presence of poor lighting and low
amount of texture, with respect to the state-of-the-art ORB-
SLAM3 algorithm.

SUPPLEMENTARY MATERIAL

Code: github.com/isarlab-department-engineering/LFFS

I. INTRODUCTION

In recent years, vision-based algorithms such as Visual
SLAM (VSLAM) and Visual Odometry (VO), have garnered
significant interest in robotics [1], [2]. These algorithms take
advantage of the continuous reduction of sensors’ cost and
size. Although depth cameras (Depth-RGB), stereo cameras,
and inertial sensors (IMU) are today widely used to enhance
the robustness and accuracy of VO algorithms, monocular
approaches remain appealing for several robotic applications
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Fig. 1: Comparison between the hybrid LF?SLAM and the
state-of-the-art ORBSLAM3 approaches: in challenging sce-
narios, the proposed data-driven Feature Extraction Module
(FE Module) achieves better performances compared to the
ORB geometric algorithm.

due to their lightweight setups and the more straightforward
calibration procedures [3]. The impressive results achieved
by cutting-edge VSLAM algorithms like ORB-SLAM3 and
Direct Sparse Mapping (DSM) [4], [5] have clearly shown
the effectiveness of the two image-matching paradigms:
feature-based and direct methods [6]. These strategies lay
their foundation on geometric models that exploit feature
matching or tracking to estimate the camera pose transforma-
tion. Extracting robust visual features is, therefore, decisive
for the overall pose estimation procedure. However, hand-
crafted feature extractors have been demonstrated to lack
robustness to non-ideal image characteristics, which is a
common condition in practical applications.

A new paradigm shift has started to emerge with the
advent of Deep Learning (DL) and Machine Learning (ML)
methodologies, giving a new thrust in the development of
more robust algorithms [7]. At first, end-to-end approaches
based on Convolutional Neural Networks (CNN) have been
proposed to directly estimate global camera motion and
pose from the image stream [8], [9], [10]. Despite the
promising results, the primary drawback limiting end-to-end
approaches from overtaking traditional geometric approaches
is the relevant training effort requested and the difficulty in
collecting rich datasets that ensure adequate generalization
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over different application scenarios.

Recently, a new research direction has emerged, intending
to combine the capability of DL models to extract robust
features with geometric models to take advantage of the
strengths of both paradigms. Hence, hybrid methods started
to flourish, integrating data-driven feature extractors [11],
[12], [13] with the geometric VO or SLAM pipelines.
Alleviating the need for extensive training datasets with task-
specific labeling, these methods improve the performance of
the overall estimation system.

Although hybrid methods have been successfully applied
in numerous applications, their potential has not been thor-
oughly evaluated in particularly challenging environments
such as low light and poorly textured environments.

Within this line of research, the present study introduces
the novel LF?SLAM (Learned Features For SLAM) archi-
tecture, a CNN-based feature extraction module blended in
a standard state-of-the-art VSLAM algorithm.

LF?SLAM is a novel hybrid approach specifically de-
signed to overcome the limitations of the environment-
depend feature extraction processes that affect the traditional
geometric VSLAM pipelines, Figure 1. Our algorithm lever-
ages the Superpoint algorithm [14], adapting it to extract
sparse keypoints and descriptors within an image for pose
estimation purposes. Specifically, we combine the Superpoint
network with the Monodepth2 [15] framework, and introduce
a loss function to learn sparse feature extractors that mini-
mize the pose estimation error. Extensive tests demonstrate
that LF?SLAM achieves better performance than its counter-
part that employs hand-crafted feature extractors in challeng-
ing scenarios, where darkness and poor texture conditions
may obstacle the feature extraction process. To better evalu-
ate the performance, we also collected a custom challenging
indoor dataset to assess the generalization capabilities and
the robustness of the proposed approach.

II. RELATED WORK

The robot’s ability to localize itself by using vision sensors
is typically achieved by relying on VO or VSLAM [16], [17]
techniques. As these approaches rely on feature extraction
to compute the pose transformation, several hand-crafted
algorithms, such as SIFT [18], FAST [19], and ORB [20]
have been with vision-based pose estimation pipelines in
the last decades. ORB, in particular, has become popular
thanks to its fundamental role in the ORBSLAM framework
[21]. This framework has seen further improvements in its
subsequent versions [22], [4]. Despite the impressive results
achieved, these strategies suffer from different limitations: 1)
they are, in general, not robust to image non-idealities, and
ii) tuning hyper-parameters is non-trivial since it is strongly
dependent on environmental aspects, e.g., light conditions
and the amount of texture in the scene.

Due to these factors, alternatives to hand-engineered fea-
ture extractors have been proposed. by exploiting data-
driven approaches [23]. Specifically, deep learning models
that leverage CNNs can compute features invariant to ge-
ometric and photometric changes, including illumination,

background, viewpoint, and scale [24]. The first contribution
in this field is [25]. The authors suggest a straightforward
technique to pinpoint potentially stable points in training im-
ages, along with a regression model that identifies keypoints
unaffected by variations in weather and lighting conditions.
DetNetm [26], instead, is a neural network that learns to
compute local covariant features. This approach is then
improved with TCDET [27], which ensures the detection of
discriminative image features and guarantees repetitiveness.
Finally, in [28], hand-engineered and learned filters are
combined to obtain a lightweight and efficient detector with
real-time performance.

Differently from these works that treat feature detection
and description as separate problems, in the last few years,
methods that jointly detect features and compute the associ-
ated descriptors have been proposed [29], [14], [30].

The integration of the aforementioned learning-based fea-
ture extractors into VO and SLAM systems has been recently
considered. DXSLAM [31], for instance, exploits learned
features to obtain scene representations that are robust to
environmental changes and combines them into the SLAM
pipeline. DROID-SLAM [32], instead, is characterized by an
end-to-end recurrent architecture that can be easily adapted
to different setups (monocular, stereo, and RGB-D). Other
approaches, such as [33] and its improved version [34],
exploit Graph Convolutional Neural Networks (GCN) [35]
and RGB-D sensors to estimate the agent’s pose.

In [36], [37] Superpoint feature extractor with standard
VO/SLAM pipelines is integrated. Specifically, the former
combines it with ORBSLAM?2 [22] and with GCNv2 [34],
analyzing the performance of both integrations on a sin-
gle dataset. However, the impact of the different hyper-
parameters on the pose estimation accuracy is not analyzed.
[37], instead, focuses on the integration of Superpoint with
ORBSLAM3. An in-depth analysis is presented, as well
as a hyper-parameters exploration to evaluate performances.
However, both methods employ the pretrained Superpoint
network provided by Magic Leap', hence, the feature ex-
tractors are not specifically trained for VO or SLAM tasks.

In contrast to previous methods, in this work, we propose
a novel approach, namely LF?SLAM, that exploits the Su-
perpoint feature extractor network and the Monodepth2 [15]
training strategy. Specifically, we apply the image warping
framework from Monodepth2 to the sparse feature extracted
from Superpoint and propose an image reconstruction loss
that promotes the learning of sparse feature extractors spe-
cific to the pose estimation task. After optimization, the
learned sparse feature extractor is integrated into ORB-
SLAMS3 by replacing the ORB algorithm.

III. THE LF2SLAM FRAMEWORK

The novelty of the LF2SLAM framework lies in the devel-
opment of a deep data-driven network capable of extracting
visual features suitable for pose estimation. These features
can then be used by a geometric VO/SLAM pipeline.

Thttps://github.com/magicleap/SuperPointPretrainedNetwork
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Fig. 2: LF?SLAM training pipeline. The reprojected target image I;—s; is reconstructed through the Warping block, which
takes as input the pose 73— between the target I; and the source image I/, and the depth map D, of I;. Ty and Dy are
returned by the Pose Network and the Depth Network, respectively. The heatmap Hy, i.e., a keypoints mask, is estimated
by the Feature Extractor network. Then, an element-wise multiplication, depicted by the orange asterisk, of H; with both
I and Iy, is performed. These two masked images are finally compared for computing the Photometric Loss Lgp.

To accomplish this goal, we design a specific new training
procedure for the Superpoint (SP) network within the Mon-
odepth2 (MD2) data-driven framework. Subsequently, the
trained SP model is embedded into the ORBSLAM3 (0S3)
system. Figure 3 shows the integration of the trained SP
network within the OS3 framework by replacing the existing
0S3 feature extraction block, namely ORB, with our novel
SP feature extractor.

For a better understanding of the overall scheme, in the
following, the description of the methodology behind our
architecture is divided into two subsections. In Section III-A,
the general description of the SP network and its integration
within the MD2 framework are discussed. Section III-B,
instead, describes the integration of the trained CNN feature
extractor within the OS3 framework.

A. SLAM-specific Superpoint feature extractor

The proposed Superpoint CNN features a novel training
loss function that is based on an ad-hoc 2D training mask
that modifies the original MD2 loss function. The purpose
of this modification is to obtain a finer selection of image
keypoints that are particularly robust for VO tasks.

1) The Superpoint Network: SP is a CNN that extracts
sparse features in an image. It consists of an Encoder-
Decoder architecture in which only the Encoder layers have
learnable parameters. SP takes a grayscale image R W1
as input and returns a Heatmap H. The Heatmap has the
same size as the input image, i.e., R¥ W1 and each cell
has a value € [0,1] that quantifies the probability that the
corresponding pixel in the input image is a feature point.
A binary mask of the same image size is then derived by
comparing the values of H with a given threshold 0 < a < 1
and assigning 1 to the pixels that exceed the threshold and
0 to the remaining ones. When this mask is applied to the
input image through element-wise multiplication, it results in
the isolation of the pixels having a high probability of being

keypoint. Choosing a high threshold thus implies excluding
many keypoints, keeping only the more robust ones.

2) Monodepth2-Superpoint joint training: To learn an SP
network that produces features suitable for VO purposes,
we integrate it within the MD2 training framework. This
is achieved by modifying the standard photometric loss
function from [15] to include the keypoint mask H computed
from the SP network.

Figure 2 shows in detail the integration of the SP network
within the MD2 training framework. Specifically, the target
image I; € RE*Wx1 ig fed both into the SP network and
the MD2 depth and pose estimation networks. SP extracts
features within the target image and generates a heatmap
H,; that encodes for each pixel the probability of being a
keypoint. Following the standard MD?2 training process, the
source images Iy with ¢ € {t11,t_1} along with the target
image I;, are used to reconstruct the warped image I/ —s;
leveraging the estimations of the depth map of the target
image Dy, and the pose between the target and the source
image T;— . The existing MD2 training algorithm is indeed
based on the computation of the reprojection photometric
loss, which is derived by reconstructing the target image from
the source one, i.e., It —;, by exploiting the outputs provided
by the pose and depth networks, i.e., D; and T;— .

In the present study, instead, our goal is to design a
modified reprojection loss function that takes into account
solely the salient keypoints extracted from the SP network.
The rationale of this modification is led by the following
idea: to minimize the reprojection error computed on those
sparse points, the SP encoder needs to compute features that
are consistent with the pose estimation task.

Building on this, our new SP-dependant loss function is
defined as follows:

Lsp = pe(H * Iy, H x Iy1—;) (1)

where * is the element-wise matrix multiplication and pe
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Fig. 3: Poses estimation with LF2SLAM. Grayscale images are fed into the Features Extractor Network. The resulting
keypoints are subsequently utilized by the ORBSLAM3 backend to generate precise pose estimations .

refers to the photometric error between the original and the
reconstructed images. More explicitly, by using SSIM [38]
and L1-norm, the expression of our SP loss is:

Lsp=Hx (5 (0= SSIMUt, Lys)) + (1= 0|l = L)
@
However, the loss function in Equation (2) can be trivially
minimized by setting the heatmap H to zero, i.e., by not
extracting keypoints. To prevent this trivial solution we
design two regularization terms. The first one is the Lparse
contribution which is defined as follow:

ACsparse = ZZH(Za]) - Nd (3)
i g

This regularization term forces the training toward the se-
lection of a number of feature points close to an assigned
desired value N4, preventing the H = 0 solution. Nonethe-
less, this term alone might force the SP network to extract
the requested number of points regardless of their saliency.

To avoid this potential problem we introduce an additional
regularization term Lgpconst imposing that the extracted
keypoints should not excessively deviate from those com-
puted by the SP model from [14]:

£SPconst = CTOSSEntTOPy(dSR dSPconst) (4)

In this equation, dgp is the output of the last encoder layer
of the SP network that we are optimizing, while dspconst
is the equivalent output provided by another SP pre-trained
network whose weights are kept constant. Considering Equa-
tions (3), (4), the overall loss function is defined as:

L= CVﬁSP + 5£sparse + ’y»CSPconst @)

After optimization, the trained SP network is integrated
into the OS3 pipeline as discussed in the following Section
III-B.

B. Integration of our model within ORBSLAM3

In this study, we leverage the OS3 monocular configu-
ration, which is based on three separate threads that run
in parallel: i) the Tracking thread that receives the current
camera frame and estimates the pose; ii) the Local Mapping
thread that performs map optimization through bundle adjust-
ment; iii) the Loop & Map Matching (Loop & MM) thread
that identifies loop closings. The Tracking thread is also
responsible for feature extraction, performed by the ORB
algorithm. We replace the ORB module with the trained SP

feature extractor network. At inference time, as clarified in
the scheme in Figure 3, we input grayscale images to the
trained SP model which extracts features. These are then
ranked according to their likelihood values of being a salient
point, and the IV ones having the highest values are retained.
The resulting N features are fed into the standard OS3
pipeline to estimate the camera pose and the sparse map.

IV. EXPERIMENTAL SETUP
A. LF2SLAM Training Details

In the training phase, LF?SLAM is initialized with the
pretrained versions of the depth and pose MD2 network on
the KITTI dataset [39], and with the pretrained SP network
on the COCO dataset. The original pretrained version of SP
is also used to compute the loss (4) as explained in Section
III-A.2. All the networks, i.e., depth, pose, and SP ones,
are fine-tuned on the KITTI sequences from 00 to 08. The
parameters of the loss function in Equation 5 are set to o =
1, 8 = 5e — 3, and v = 1, while Ny in Equation (3) is
equals to 2000. We adopt the ADAM [40] optimizer with
an initial learning rate of le — 4 that we divide by 10 after
epoch 15. Training is performed for a total of 20 epochs
on a workstation equipped with an Nvidia GPU GTX Titan
X with 12 GB of VRAM and requires about 36 hours. At
inference time, the trained SP network takes approximately
320 MB of VRAM in the GPU.

B. Experimental Setting

The proposed LF2SLAM is compared with the OS3 stan-
dard pipeline that uses the ORB feature extractor. Both
algorithms share two hyperparameters that need to be set,
namely the number of features (n_feat) and the number of
pyramid levels (n_levels). For OS3 n_feat is the maximum
number of extracted features, while for LF2SLAM is the
number of features with the highest probability. On the other
hand, n_levels refers to the number of times an image is
scaled. For each scaled image, OS3 extracts features by
applying the FAST algorithm, while LF2SLAM performs
a forward pass. Both algorithms aggregate the extracted
features once all the scaled images have been processed. The
optimal hyperparameters are found by evaluating the pose
estimation accuracy on a validation sequence for each dataset
for both algorithms. Then, we test each algorithm with these
hyperparameters on the remaining dataset sequences. In the
following, we refer to each combination of (n_feat, n_levels)
as (k,p), ie., keypoints, and pyramid levels. Specifically,
k ranges in [800,2200] with step = 200, while p in
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Fig. 4: UNILAB dataset is composed of four different challenging sequences acquired with a ground robot in low-light
and poor-texture environments. Sequences B1, C1, X2, and X1 are represented from the first to the last line, respectively.

{1,2,4,6,8}, resulting in 40 total combinations. To select
the best combination, we exploit three different accuracy
metrics, as we explain below, evaluated on specific dataset
sequences (Section IV-D).

C. Metrics

To assess the accuracy of the estimates of the two al-
gorithms, we employ three metrics that can be computed by
utilizing the EVO toolbox [41]. The toolbox provides quanti-
tative metrics to compare the ground truth of a sequence with
the estimated trajectory by a VO algorithm. In particular,
we rely on the Absolute Pose Error (APE), which includes
both translational and rotational components. Defining the
estimated trajectory and the ground truth at timestamp ¢ as
Pyi.i, Pesti € SE(3) respectively, the error is defined as:

E; = P, Pt € SE(3) (6)
Since we are interested in the separate analysis of transla-
tional and rotational error we decompose Equation (6) in its
respective components.

1) Absolute Translation Error: The Absolute Translation
Error is defined as follows:

ATE; ; = ||trans(E;)|| @)

In the experiments, we consider the Root Mean Square Error
(RMSE) of the ATE. To simplify the notation we refer to the
RMSEATE as ATE.

2) Absolute Rotational Error: Analogous considerations
are made to isolate the rotational part of Equation (6) leading
to the following Absolute Rotational Error:

ARE; ; = |angle(logsos)(rot(E;))], (8)

in which logso(s)(-) is the inverse of expgo(s)(+). In this
case, as well, we take into account the RMSE and we denote
RMSEARE as ARFE.

3) Trajectory Ratio: The aforementioned metrics imple-
mented in the EVO toolbox are based on the matched
timestamps between the estimated trajectory and the ground
truth. Therefore, they do not take into account those cases
where the VO algorithm loses track, as the metrics are only
computed on the part of the trajectory for which estimates
are provided. Thus, we introduce the trajectory ratio Riyq;
coefficient defined as:

Rtraj =

(©))

where t.,; is the estimated trajectory, ¢4 is the ground truth,
and the function {(*) computes the length of a trajectory. This
metric ranges in [0, +oo[. Specifically, R¢ro; = 1 means that
the VO algorithm maintains its track without any loss. On the
other hand, R;,,; ~ 0 means that the VO algorithm failed at
the very beginning of the sequence, while if R.q; > 1, it
implies that the VO algorithm drifts. Analyzed together with
ATE and ARE, the R,.,; metric provides a more clear
perspective on the accuracy of a VO algorithm.

4) Summary Metric: Since our objective is to choose the
best hyperparameters on a specific sequence of a dataset, we
need to define a single general metric that encapsulates the
ones introduced so far. Moreover, we require a unique score
to evaluate which approach achieves the best performance
on the same sequence. For these reasons, we introduce the
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Summary metric S defined as:

ATEFARE | if 0 < Ryrqj < 1 (10)
"~ \R2, (ATE + ARE), if Rypq; > 1

traj

Due to randomness factors present in the algorithm, we
perform three runs on each test sequence (see Section IV-
D for details) and then select the best result based on the S
metric.

D. Datasets

As reference datasets, we select EuRoC [42] and the
KITTT [39]: the former contains indoor sequences recorded
by a Micro Aerial Vehicle (MAV), while the latter outdoor
ones recorded by car. The KITTI sequences from 00 to 08
are used to train the proposed LF2SLAM approach. For this
dataset, the hyper-parameter tuning for both LF?SLAM and
OS3 is performed on sequence 10, while for the test we
consider the sequence 09. On the EuRoC dataset, instead, we
consider the sequence MH_0I _easy for the hyper-parameter
selection, while all the others are used for testing.

In addition to these datasets, we decide to evaluate the
performance in challenging scenarios with non-ideal lighting
conditions. In particular, we collect a novel dataset composed
of four sequences, which we refer to as UNILAB, by using a
ground robot in three different indoor areas of the University
Department. Figure 4 shows some examples extracted from
this dataset. In the following, the sequences are referred to
as X1, X2, B1, and Cl1, and the first, i.e., X1, is used to
select the best hyperparameters.

V. RESULTS AND DISCUSSIONS

As a first analysis, we consider the sensitivity of each
method to hyperparameters variations. For this purpose, in
Table 1 we report the best setting for the hyperparameters
(k, p) for each algorithm evaluated in terms of the summary
metric S with the associated mean and the standard deviation
computed over the 40 configurations. The analysis of the
sensitivity highlights the remarkable robustness of our model
to hyperparameters variations. LF?SLAM outperforms OS3
in both the KITTI/10 and the UNILAB/X1 sequences while
demonstrating comparable performance in EuRoC/MH_01.
These results show that when deploying LF?SLAM the
selection of the hyper-parameters is less critical, facilitating
its practical use.

The comparison results on the test sequences are instead
provided in Tables II and III.

In Table II the experiments on the sequences are per-
formed with the best hyperparameter combination found
in each dataset. The analysis of the results highlights that
LF?SLAM outperforms OS3 in the KITTI/09 sequence and
the UNILAB more challenging sequences. Conversely, our
approach shows comparable performances on the EuRoC
dataset. While the LF?SLAM better performance on the
KITTI dataset is expected since our feature extractor is
trained with images from sequences of the same scenario,
more interesting considerations can be drawn by observing
the results on EuRoC. Despite our approach being tested on a

TABLE I: HYPERPARAMETERS TUNING

Dataset Sequence  Method (k,p) ATE [m] ARE [deg] Rirq; S
KITTI 10 ORBSLAM3 (2200,4) 5.909 1.216 1.035 7.632
LF2SLAM (2200,4) 6.209  1.054 1.029 7.690
ORBSLAM3 (2200,8) 0.041 1.828 1.016 1.930
EuRoC  MH.OL Yy pograM (2200,2) 0.039  2.003  1.008 2.074
ORBSLAM3 (1000,6) 0.549 1.985 0.928 2.942
UNILAB X1 LF2SLAM (1800,4) 0.160 1.347 0.903 1.848
[wto]of S
Method KITTI/10 EuRoC/MH_01 UNILAB/X1
ORBSLAM3 2.767E4 + 7.467TE4 2.110 £0.09 85.54 £+ 109.92
LF2SLAM 1.180E2 + 3.802E2 2.290 + 0.30 15.55 £ 51.69

scenario different from that used for training, it exhibits com-
parable performance to OS3, which proves its generalization
capabilities. The quantitative performance on the UNILAB
dataset, instead, demonstrates that the proposed LF?’SLAM
achieves considerably higher scores compared to the OS3
baseline. These results are remarkable considering the more
challenging sequences of this dataset, characterized by sud-
den light changes and texture-less scenarios (Figure 4). While
our approach exploits the convolutional feature extraction to
achieve robustness against these conditions, OS3 frequently
loses track due to the poor extracted keypoints.

TABLE II: Summary results with best (k, p) tuned on KITTI/10,
EuRoC/MH_01, and UNILAB/X1, respectively.

Dataset Sequence ORBSLAM3 LF2SLAM
KITTI 09 43.32 9.62
MH_02 1.845 1.944
MH_03 1.729 1.836
MH_04 1.523 2.369
MH_05 1.942 1.983
V1.01 5.923 7.767
EuRoC V1.02 1.429 1.904
V1.03 2.241 4.005
V201 13.77 2.702
V202 1.284 1.702
V2.03 3.730 13.02
B1 5.651 2.627
UNILAB Cl 7.356 3.989
X2 58.18 4.151

In Table III, instead, the results with the best (k,p) pair
selected on the sequence KITTI/10 are shown. This allows us
also to assess the robustness of each method when deployed
in a different context without any further refinement of the
hyperparameters. Some qualitative results are also shown
in Figure 5. As in the previous case, LF’SLAM shows
comparable performance to OS3 on the EuRoC sequences,
outperforming the latter in three sequences. Conversely,
on the UNILAB dataset, our approach provides always
better scores, particularly on sequences UNILAB/C1 and
UNILAB/X1 (see Figures 5(c) and 5(d)). These findings
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Fig. 5: Samples of LF?’SLAM and ORBSLAMS3 output trajectories with KITTI/10 best (k, p). (a) KITTI/09: OS3 (green)
partially drifts, while LF2SLAM (red) achieves better performance. (b) EuRoC/MH_05: both algorithms achieve excellent
performances. (c) UNILAB/C1: OS3 loses its track (the left portion of ground truth is not tracked). (d) UNILAB/X2: OS3
almost completely loses its tracking while LF?SLAM results in a much better trajectory estimation.

confirm the generalization capabilities of our approach and
its robustness in challenging scenarios characterized by non-
ideal conditions compared to OS3.

TABLE III: Summary results with best (k, p) tuned on KITTI/10.

Dataset Sequence  ORBSLAM3  LF2SLAM
MH_02 1.797 1.822
MH_03 2.120 1.780
MH_04 1.555 2.013
MH_05 1.892 2.632
V1.01 5.918 6.475
EuRoC V1.02 1.418 1.739
V1.03 1.965 4.713
V2.01 7.256 2.318
V202 1.169 2.030
V2.03 6.195 3.994
Bl 4.813 4.719
UNILAB Cl1 8.031 1.814
X2 136.8 4.984

Time Analysis: As our approach replaces the ORB extrac-
tion module of OS3 with the proposed LF?SLAM features
extractor network, the computational time comparison is
performed on this component. The time profiling performed
on a reference sequence from the EuRoC dataset indicates

an average processing time of 4ms for keypoints extraction
on a full-size image (752x480) with ORBSLAM (CPU
Intel Core 17-9800X 3.80 GHz), and 17ms for the same
processing using our LF2SLAM features extractor network
(GPU NVidia RTX 2080 Ti), showing a slightly higher
computational cost of the proposed approach.

VI. CONCLUSIONS AND FUTURE DIRECTION

In this paper, we presented a hybrid framework for
VSLAM, namely LF?SLAM. The proposed approach ex-
ploits a novel training procedure that allows to extract
features that are suitable for image-based pose estimation
tasks. Once the DL-based feature extract is trained, we
integrated it into a state-of-the-art VO/SLAM pipeline, i.e.,
0OS3. The experimental comparison demonstrated that our
solution achieves remarkable generalization capabilities in
different environments (indoor, outdoor) and with diverse
platforms (aerial, ground, and automotive), and robustness
with respect to hyperparameters selection. Moreover, our
approach consistently outperforms the state-of-the-art SLAM
OS3 baseline in challenging scenarios with non-ideal image
conditions.

Future work will explore a novel training process to
estimate binary descriptors jointly with the keypoint detec-
tion to also replace the BRIEF algorithm in ORBSLAM3.
Furthermore, novel optimization procedures to manage ex-
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treme conditions, such as almost dark environments, will be
explored.
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