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Abstract—This paper presents an integrated approach to
Visual SLAM, merging online sequential photometric calibra-
tion within a Hybrid direct-indirect visual SLAM (H-SLAM).
Photometric calibration helps normalize pixel intensity values
under different lighting conditions, and thereby improves the
direct component of our H-SLAM. A tangential benefit also
results to the indirect component of H-SLAM given that the
detected features are more stable across variable lighting con-
ditions. Our proposed photometrically calibrated H-SLAM is
tested on several datasets, including the TUM monoVO as well
as on a dataset we created. Calibrated H-SLAM outperforms
other state of the art direct, indirect, and hybrid Visual SLAM
systems in all the experiments. Furthermore, in online SLAM
tested at our site, it also significantly outperformed the other
SLAM Systems.

I. INTRODUCTION

The advent of Visual Simultaneous Localization and Map-
ping (V-SLAM) has been a cornerstone in realizing au-
tonomous navigation and perception systems. Advancements
in V-SLAM have been realized with the development of
hybrid V-SLAM systems that merge direct and indirect
methods, and leverage the strengths of both methods to
overcome their inherent limitations. Direct methods [1],
which estimate motion and structure directly from pixel
intensity variations are highly susceptible to variations in
illumination, often resulting in decreased robustness and
accuracy in dynamically lit environments [2]. The integration
of indirect methods [3] (which rely on feature extraction and
matching) with direct methods offers a balanced solution,
enhancing the system’s adaptability and reliability across a
wide range of scenarios by ensuring stable feature tracking
even under challenging lighting conditions.

Photometric calibration plays a crucial role in further bol-
stering the capabilities of the direct component within hybrid
SLAM systems (Fig.1). By accurately mapping the scene’s
radiance to the camera’s intensity values, photometric cali-
bration addresses critical aspects such as radiometric calibra-
tion and vignetting compensation. Radiometric calibration, is
required to estimate the Camera Response Function (CRF),
thereby ensuring the authenticity of intensity values relative
to real-world irradiance [4]. This is particularly vital in
enhancing system robustness under fluctuating illumination
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Fig. 1. Sample output of the photmetrically calibrated hybrid SLAM system
run on Sequence 30 of the TUM monoVO dataset.

conditions [2]. Vignette compensation, conversely, rectifies
the radial intensity reduction towards the image periphery, a
common lens-induced aberration, thereby achieving uniform
sensitivity across the camera’s field of view. This uniformity
is critical for improving the quality and reliability of feature
detection and tracking in visual odometry.

Our proposed system integrates our Online Sequential
Photometric Calibration (OSPC) technique [S] within our
Hybrid direct-indirect visual SLAM (H-SLAM) system [6],
utilizing exposure values from frame metadata to sequentially
estimate the camera response function and vignette. The
estimated photometric parameters are used to rectify the
input frames to the V-SLAM system; thus improving the
visual odometry module’s adaptability within the hybrid
SLAM architecture, and providing a robust and consis-
tent basis for feature tracking and depth estimation. This
integration enriches the OSPC component’s effectiveness,
which depends on precise feature extraction to identify
corresponding points across frames. As a result, the enhanced
feature extraction feeds back into the OSPC, leading to more
accurate photometric calibration. This synergy creates a cycle
within the system, where improved photometric calibration
further bolsters the visual odometry component, thereby
strengthening the entire SLAM framework’s performance
and reliability.
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The practicality and robustness of this advancement have
been validated through both dataset and real-world testing,
diverging from the conventional reliance solely on dataset
evaluations. The real-world focus offers a comprehensive
understanding of the system’s performance in dynamic and
unpredictable environments.

This paper presents a real-time Visual SLAM sys-
tem, that merges OSPC’s photometric estimation with
H-SLAM’s efficient methodology. The source code is
available at: https://github.com/AUBVRL/HSLAM_
docker/tree/hslam_ospc. The key contributions are
as follows:

1) Unified Hybrid Direct-Indirect SLAM: we leverage
the strengths of both direct and indirect approaches
to achieve robust camera pose estimation, demonstrat-
ing accuracy on par with or surpassing state-of-the-
art monocular SLAM/Odometry system. This system
efficiently computes both local and global map repre-
sentations in a joint representation, enhancing the re-
utilization of global map points and reducing mem-
ory consumption significantly compared to traditional
methods.

2) Adaptive in-Line photometric calibration: building
upon OSPC’s approach to photometric calibration, our
system implements this technique adaptively and in-
line within a SLAM pipeline, directly contributing to
the overall improvement of hybrid V-SLAM perfor-
mance.

3) Enhanced accuracy and robustness in feature-
deprived environments: our approach achieves en-
hancements in localization and mapping precision by
uniquely keeping track of both pose-pose and co-
visibility constraints, advancing robustness in feature
deprived environments, a common challenge in real-
world applications.

4) Comprehensive experimental validation: experi-
ments and evaluations conducted in real-world scenar-
ios validate the effectiveness and robustness of our
proposed system. These tests highlight the system’s
adaptability to various conditions and its practical
applicability.

II. RELATED WORK

In this section we review the existing literature pertinent
to our study, highlighting advancements and identifying gaps
that our research aims to address.

A. Hybrid Visual SLAM: Bridging Direct and Indirect Meth-
ods

Feature-based methods involve the extraction and match-
ing of a limited set of keypoints, aiming to minimize
reprojection errors for pose estimation. This approach, as
exemplified by the works of [7], [8], [3] and [9] relies on the
robustness of modern feature extraction algorithms to handle
variations in image intensity and geometric noise. However,
it should be noted that their performance tends to deteriorate
in environments lacking distinctive textures or when images

are affected by photometric noise, as discussed by [1]. Direct
methods as introduced by [1], [10] and [11] do not rely
on feature extraction. Instead, they estimate motion and
structure by minimizing photometric errors directly, which
represent discrepancies in image intensity. Nevertheless, it
is important to acknowledge that these methods are highly
sensitive to changes in image intensity caused by factors
such as varying lighting conditions and camera exposure
times [1]. Hybrid methods attempt to combine the strengths
of both feature-based and direct methods. In the work of
Lee and Civera [12], a loosely-coupled approach integrates
a feature-based method and a direct method, allowing one to
support the other when faced with challenges. However, this
architecture, demands additional computational resources as
it entails maintaining both methods simultaneously. Semi-
direct Visual Odometry (SVO) [13], represents an efficient
hybrid system that combines direct image alignment using
initially detected features with Bundle Adjustment (BA)
based on reprojection error for pose estimation refinement
but lacks back-end optimization and re-localization. Other
researchers opt to first optimize the reprojection error to
obtain an initial coarse camera pose and then refine the result
using a direct image alignment algorithm, as demonstrated
by [14], [15], and [16] . This approach can be unified, as
shown by Younes et al. [17], to yield a feature-assisted visual
odometry model.

Recent research into this unified approach addresses the
intricate challenges encountered by V-SLAM systems in
representing local and global maps, primarily stemming from
parametrization disparities between direct and indirect data
sources [8] [3]. Indirect methods rely on multi-view geome-
try to construct point clouds (X, Y, Z), while direct methods
hinge on small frame-to-frame motion for inverse depth
parametrization [18]. Additionally, this unified approach con-
fronts the significant challenge faced by hybrid methods
[12], [16], and [17] which is the non-interchangeability of
triangulation techniques. H-SLAM [6] effectively surmounts
these issues by adopting a versatile map representation
that seamlessly adapts to function as either an (X, Y, Z)
point cloud or an inverse depth parametrization, offering
a comprehensive solution to the complexities faced by V-
SLAM systems and hybrid approaches.

B. Photometric Calibration: Enhancing Image Understand-
ing

In the domain of radiometric calibration for visual al-
gorithms, a central concern revolves around the consistent
maintenance of intensity across frames. Conventional ap-
proaches, as outlined by [19] and [20], typically rely on
assumptions about the camera’s response function. Unfor-
tunately, these assumptions can lead to inaccuracies due to
non-monotonic response functions [4]. To tackle this problem
effectively, Grossberg and Nayar introduced the Empirical
Model of Response [21], which operates on single images
but does not recover the vignette or the exposure times.
Moreover, authors of [22] and [23] developed CRF recovery
methods using color and grayscale imagery, but they do not
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account for vignetting and exposure time variations. Multi-
image static scene methods, like those developed by [24],
[20], and [25], are not suitable for dynamic video sequences
due to their reliance on multiple exposures of a static scene.
Zheng et al. [26] proposed a vignette recovery approach, but
they also neglect exposure time estimation and assume a pre-
calculated CRF. Building on this foundation, Kim et al. [27]
enhanced the process by optimizing exposure differences and
optical flow simultaneously, thereby improving robustness
in the face of changing image intensity. However, their
approach demands a significant number of center-symmetric
samples and utilizes a joint estimation method, limiting its
real-time feasibility. More recently, Bergmann et al. [2]
proposed an online photometric calibration system to recover
radiometric parameters from auto-exposure videos. However,
their method also employs joint estimation, requiring a
point from the camera response function’s ground truth
data to resolve ambiguities. An ambiguity-free estimation
for the camera response function was proposed by [28],
but it ignores vignetting effects. We introduce [5] a novel
photometric calibration method using sequential optimization
to independently estimate the camera response function, vi-
gnette, and exposure values, thereby avoiding the ambiguities
and computational complexities typical of joint optimization
methods.

C. Photometrically Calibrated Hybrid Visual SLAM

Numerous recent endeavors have aimed to integrate pho-
tometric calibration techniques into V-SLAM systems to
optimize the visual odometry module. In their work, liu et al.
[29] introduce a real-time photometrically calibrated monoc-
ular direct SLAM system, showcasing significant advance-
ments; however, it does exhibit certain limitations. Specif-
ically, this system solely relies on a direct sparse method,
foregoing the versatility offered by hybrid approaches. Fur-
thermore, the real-time photometric calibration technique
proposed introduces computational complexity through a
joint optimization approach, which potentially affects real-
time performance. The system’s effectiveness is significantly
influenced by lighting conditions, possibly leading to error
accumulation and impacting its long-term reliability in vari-
ous operational scenarios.

Conversely, Luo et al. [16] introduce a Hybrid Sparse
Odometry system , integrating feature-based and direct meth-
ods V-SLAM. Their system aims to enhance robustness
against variations in image intensity and motion blur. It
incorporates photometric calibration into the visual odom-
etry component, but this process is also performed as a
joint optimization, introducing complexity and ambiguities
in exposure estimation that may not be resolved without
ground truth data. This poses potential challenges to the
system’s accuracy and reliability, especially in real-world
applications where processing speed is paramount. Further-
more, the study lacks an extensive comparison of their
approach with existing methods, particularly in real-world
diverse scenarios, leaving its practical effectiveness and
adaptability to various conditions and environments relatively

unproven. In response to these limitations, we propose an
innovative solution that marries a sequential photometric cal-
ibration method with a hybrid direct-indirect SLAM system,
effectively addressing the shortcomings identified in prior
research. Our approach simplifies the calibration process,
reducing computational complexity while preserving accu-
racy. Rigorous testing across a range of operational scenarios
underscores the system’s reliability and precision in real-
world environments. In summary, our hybrid SLAM system,
enriched with streamlined photometric calibration, presents
an enhancement in performance, accuracy, and adaptability
in V-SLAM systems.

III. PROPOSED SYSTEM

This section presents a framework integrating the OSPC
within the H-SLAM architecture, designed to enhance the
robustness, accuracy, and adaptability in SLAM applications.
The integrated system coalesces the strengths of OSPC’s
sequential photometric calibration with H-SLAM’s advanced
feature tracking, pose estimation, and map maintenance
capabilities ensuring consistency and coherency of the spatial
mapping.

Here, we detail the technical nuances of the proposed
integrated framework, emphasizing the synergistic interplay
between OSPC and H-SLAM components.

A. Descriptor sharing and feature extraction interplay

The ORB feature extraction utilized in H-SLAM plays
an important role in ensuring feature consistency, which
is foundational for OSPC’s process. The descriptor sharing
inherent in H-SLAM enhances OSPC by providing a rich,
multi-faceted representation of each feature, which is neces-
sary for the tracking and photometric rectification processes
employed.

The robustness of ORB features, combined with the multi-
descriptor approach, ensures that OSPC tracks features con-
sistently across frames, a vital prerequisite for accurate pho-
tometric rectification. The rich data provided by descriptor
sharing empowers OSPC’s calibration algorithms, enabling
them to accurately estimate photometric parameters, thereby
refining the photometric model used across the system.

B. Sequential in-line photometric calibration

The OSPC’s sequential photometric calibration operates
as an in-line process within the H-SLAM architecture. The
calibration is sequential and operates until a pre-defined
validation threshold is reached, after which the estimated
photometric parameters are set. Subsequent frames undergo
photometric rectification based on these set parameters,
maintaining consistency in the visual information processed
by H-SLAM.

Integration into H-SLAM’s multi-threaded architec-
ture: OSPC is seamlessly integrated as a fourth thread in
H-SLAM'’s multi-threaded architecture, originally consisting
of dedicated threads for mapping, pose estimation, and loop
closure (Fig. 2). This integration ensures that the sequen-
tial photometric calibration operates concurrently with H-
SLAM'’s other processes without impeding performance. The
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Fig. 2.
SLAM

decoupled nature of this architecture allows OSPC to per-
form photometric rectification on each frame independently,
contributing to the overall robustness and adaptability of the
system without imposing additional computational burden on
the core SLAM processes.
Mathematical formulations: the photometric calibration
in OSPC optimizes photometric parameters as follows:
fH M)
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representing the irradiance ratio between pairs of frames.
f~! represents the inverse camera response function, M
and M, are the corresponding intensity values, and e; and es
are the exposure value pairs. Similarly, the vignetting effect
(V) is estimated by incorporating radial movement (R;, R2)
alongside the CRF formulation:
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in which NV stands for the total number of corresponding
points per image pair. These equations are fundamental to
OSPC and enable sequential optimization and validation of
photometric parameters, ensuring accurate calibration within
the multi-threaded H-SLAM framework without overburden-
ing its core processes.

Diagram of the proposed system showing the integration of sequential photometric calibration with the multi-threaded architecture of Hybrid

C. Harmonized integration: joint optimization, map mainte-
nance and loop closure enhancement

The convergence of OSPC’s photometric rectification with
H-SLAM’s joint optimization, hybrid connectivity graphs,
and loop closure synergistically enhances the system’s per-
formance. It ensures not only geometric coherency and
photometric accuracy but also computational efficiency in
the loop closure process.

Optimized joint multi-Objective pose estimation: pho-
tometric rectification, facilitated by OSPC, plays an impor-
tant role in minimizing residuals in H-SLAM’s joint multi-
objective pose estimation. By rectifying each frame, OSPC
ensures that the input to H-SLAM’s pose estimation module
is void of photometric distortions, leading to a significant
reduction in both geometric and photometric residuals. The
photometric residuals are calculated using the same method
as DSO [1], and the geometric residuals are the difference
between the predicted and perceived key-point positions.
The joint multi-objective pose optimization in H-SLAM is
defined as an optimization problem:

lep ()l s
4)

npo2
where ||-|| i, denotes the Huber norm, e,,(£) and e, (&) are the
photometric and geometric residuals respectively, balanced
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2
TLgO'g

+K

argmin e(£) = argmin <

by the number of features n,, n,, their variances 03, 03, and
a utility function K defined as:
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where [ is the pyramid level and NN is the number of current
inlier geometric matches, dynamically adjusts the optimiza-
tion’s focus, prioritizing geometric residuals in early stages
and shifting towards photometric residuals as optimization
progresses.

This approach ensures that the input to H-SLAM’s pose
estimation module is rigorously optimized for both geometric
coherence and photometric consistency, translating into more
coherent and precise map updates, enhancing the overall
quality and reliability of the spatial map maintained by H-
SLAM.

Accurate hybrid connectivity graphs and loop closure
enhancement: the reduced residuals and subsequent en-
hancements in mapping data ensure that the co-visibility and
pose-pose constraints used in the hybrid connectivity graphs
are based on precise data, enhancing the overall quality and
utility of these graphs in the SLAM process. Precise co-
visibility and pose-pose constraints in the hybrid connectivity
graphs, facilitate accurate loop alignment and coherent loop
closure. The accurate loop closure, aided by the consistent
photometric information and the robust connectivity graphs,
effectively minimizes drift over time. This contributes to the
overall integrity and accuracy of the global map, ensuring
that the system maintains a high level of performance even
in extensive operational environments.

Impact on bundle adjustment: with enhanced feature
matching and tracking, the input to the bundle adjustment
process (i.e., the correspondences between 2D features and
3D points) is more accurate, improving the precision of
the 3D structure reconstructed by the inverse depth bundle
adjustment. This makes the global mapping more robust
and the pose estimation more reliable, even in dynamically
changing environments.

By leveraging the synergy between photometric recti-
fication, feature extraction, and joint multi-objective pose
estimation the system achieves high levels of accuracy and
robustness, while avoiding high computational costs.

IV. EXPERIMENTS

We validate our system through experiments conducted on
both publicly available datasets and real-life scenarios. The
experiments are designed to assess our system’s performance
under various conditions, comparing outcomes with and
without our suggested photometric calibration approach, and
benchmarking against established SLAM systems.

A. Dataset Evaluation

The first set of experiments focuses on evaluating H-
SLAM performance on the TUM monoVO dataset [25],
which originally comprises 50 sequences with photometric
calibration, recorded across diverse environments, including
both indoor and outdoor settings, as well as transitions
from indoor to outdoor environments. However, due to the
limited configuration of photometric calibration, we utilized
only 28 sequences captured by a narrow FOV camera. This
dataset demonstrates the impact of our proposed photometric
approach in response to changes in lighting conditions.

H-SLAM undergoes a comparative analysis with the fol-

lowing SLAM systems:

o Direct Sparse Odometry (DSO) [1]: DSO employs a
fully direct probabilistic model, minimizing photometric
errors while jointly optimizing model parameters with-
out the need for keypoint detectors or descriptors.

e ORB-SLAM3 [30]: ORB-SLAMS3 is a feature-based
SLAM system designed to support wide baseline loop
closing and relocalization, with the added feature of full
automatic initialization.

o Hybrid Sparse Monocular Visual Odometry (HSO) [16]:
HSO utilizes direct image alignment with adaptive
mode selection and employs ratio factors for image
photometric description, enhancing robustness against
substantial changes in image intensity and motion blur.

All experiments were performed on an Intel i7-9750H

CPU with 16 GB RAM, without GPU parallelization. Real-
time execution was enforced, and the GUI was disabled to
enhance performance. To assess our photometrically cali-
brated H-SLAM, we utilized the TUM calibration sequence
with the OSPC to derive the camera response function,
vignetting, and exposure time for each frame.

B. Evaluation in diverse operational settings

Our approach to sequential photometric calibration re-
quires the availability of exposure values from frame meta-
data. This information is not provided in most publicly
available SLAM benchmarking datasets. Hence, to further
evaluate the performance of H-SLAM we conducted a second
set of experiments on campus at the American University of
Beirut.

The experiments were conducted in an outdoor areas
spanning approximately 30mx40m, and ground truth GNSS
trajectory data were obtained using a Real-Time Kinematic
(RTK) GPS setup, ensuring centimeter-level accuracy for
positional data. This RTK-GPS system utilizes both a sta-
tionary and a rover GNSS receiver, employing differential
corrections to achieve its high precision. The ground truth
trajectory serves as a benchmark for evaluating the trajecto-
ries generated by each of the tested SLAM systems.

HSO, ORB-SLAM, DSO, and H-SLAM underwent testing
in the recorded environment to assess their performance.
Recognizing the probabilistic nature of SLAM systems,
each system was run five times, and the best-performing
result was considered for analysis. This approach ensures a
comprehensive evaluation, capturing the variability inherent
in SLAM system performance.

C. Live real-time evaluation

The third set of experiments took place indoors on Level
4 of the Irany Oxy Engineering Complex (IOEC) at the
American University of Beirut (Fig. 6). These experiments
aimed to qualitatively assess the real-time performance of the
SLAM systems. Utilizing the ROS architecture, all systems
were simultaneously executed on the same machine. A
single image frame captured by the camera was broadcasted
across the ROS network, ensuring that each system received
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Fig. 3. Full evaluation results, showing cumulative alignment error for all tested sequences in the TUM-monoVO dataset. Each square corresponds to the
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Fig. 4. Accumulated alignment error, rotational drift error and translational
error as defined in [25] for each system over all runs

identical real-time input data. Key observations were focused
on evaluating the quality of live performance and identifying
any instances of failure among the SLAM systems. In all
experiments, H-SLAM’s loop closure feature was disabled to
ensure a fair comparison with DSO, preventing any potential
bias that would skew the results in favor of H-SLAM.

V. RESULTS AND DISCUSSION
A. Dataset observations

The detailed evaluation outcomes for each sequence is
present in Fig. 3. ORB-SLAMS3 encounters challenges in
Sequences 35 to 40, all of which involve indoor settings
characterized by featureless hallways and plain classrooms.
Conversely, the algorithm demonstrates strong performance
in outdoor sequences (45-48 and 29), where the environment

was rich in distinctive features. Similarly, in the absence
of photometric calibration, DSO faces difficulties mapping
indoor sequences that lack distinctive features. However, its
performance improves in such scenarios when combined
with OSPC, reaching its optimal capability when utilizing
the provided DSO calibration. Additionally, DSO encounters
challenges in mapping Sequences 26 and 27, both of which
involve staircases. It is important to highlight that the DSO
variant incorporating loop closure, LDSO, exhibited poor
performance along all sequences and thus was not reported
in the results. This poor performancee can be attributed to
the TUM-VO dataset’s inherent nature, characterized by huge
closed loops which makes it difficult to associate the current
data with the historical data. On the other hand, both HSO
and H-SLAM consistently exhibit good performance across
the sequence variations. Both algorithms effectively handle
mapping tasks in indoor featureless scenarios and outdoor
settings which proves the robustness of the proposed hybrid
systems. To facilitate a comprehensive comparison of the
performance across the four algorithms, we calculated the
cumulative alignment, rotation, and translation errors over
the course of multiple runs, as defined in [1]. The resulting
outcomes are presented in Fig. 4. The graphs demonstrate H-
SLAM consistently outperforming other algorithms by most
metrics, regardless of the applied photometric calibration.
Remarkably, even a photometrically uncalibrated system
utilizing H-SLAM exhibits better performance than photo-
metrically calibrated DSO, online photometrically calibrated
HSO, and ORB-SLAM3, underscoring the robustness of the
proposed system. HSO performance closely follows in our
evaluation, exhibiting approximately similar performance to
the calibrated DSO when considering ground truth photo-
metric values.

Conversely, the graphs reveal the sensitivity of DSO to
the photometric component. An uncalibrated DSO system
proves to be the least performing, with gradual performance
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Tabulated results of the live experiment conducted on campus at the American University of Beirut. The table shows the trajectories of HSLAM

and DSO under two calibration modes alongside the “ground truth” obtained from RTK-GPS

improvements when OSPC calibration is applied, reaching
peak performance when ground truth photometric values are
utilized.

B. Outdoor Experiments Observations

When applied to the dataset captured at AUB, both HSO
and ORB-SLAM did not perform well. While both systems
initialized properly, they struggled to maintain tracking as the
scene transitioned into frames featuring the asphalt ground
with sparse features. In contrast, DSO and H-SLAM, with
their direct modules, demonstrated robustness in handling
frame sequences with sparse features. The results produced
by DSO and H-SLAM are presented in Table 5. In the
absence of photometric calibration, both DSO and H-SLAM
exhibit significant error drift. However, upon the application
of photometric calibration (OSPC) both DSO and H-SLAM
showcased a notable reduction in geometric and photometric
residuals, thereby mitigating the overall drift error.

A photometrically calibrated H-SLAM demonstrates more
accurate pose estimation compared to its uncalibrated coun-
terpart, resulting in a final trajectory that is closer to the
groundtruth GNSS data

C. Live Real-Time Experiments

The results of the live real-time experiments are depicted
in Fig. 6. In Trial 1, conducted in Region 1, the trajectory
formed a loop within the lab, extending to the lab door
leading to the corridor (Region 2). DSO initially tracks the
trajectory but loses track when encountering a bright glare
from the lab window. ORB loses tracking at the door and
exhibits erratic behavior, and H-SLAM is stopped when ORB
loses track. Trial 2 commences from Region 1 through the
door and into the corridor (Region 2). ORB fails to initialize,
while DSO initially runs but loses track at the corridor

Region 1

—a 3 2 -1

Trial 1 Trial 2

Trial 3 Trial 4
Fig. 6. Trajectory generated by H-SLAM, ORB-SLAM and DSO during

the live experiments, above which is a 3D scan and images of the area used
in testing
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door before reinitializing. However, H-SLAM encounters no
issues throughout the trial. Trial 3 involves a simple loop
within Region 1, showcasing trajectories drawn by the sys-
tems in a confined space. ORB and DSO produce trajectories
deviating from the actual motion, with DSO briefly losing
track and reinitializing, while H-SLAM exhibits the most
accurate trajectory. Trial 4, conducted in Region 2 with a turn
at the glass walls (Region 3), sees ORB failing to initialize.
DSO successfully tracks until encountering the turn at the
glass walls, where it loses track entirely. H-SLAM operates
without issues during this trial.

Overall, H-SLAM demonstrates greater stability and lower
sensitivity to light changes compared to the other two
systems, exhibiting a lower rate of tracking loss and re-
initialization.

VI. CONCLUSION

This paper presented an enhanced performance of V-
SLAM systems in real-world applications, integrating OSPC
for improved photometric calibration and feature extrac-
tion within the H-SLAM framework. Experiments on two
datasets demonstrated superior performance for our proposed
calibrated H-SLAM versus state of the art in V-SLAM
systems. We are currently working on integrating Inertial
Measurement Units (IMU) into H-SLAM system to provide
more robust solutions for navigation and mapping in complex
environments.
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