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Abstract

The widespread deployment of indoor service robots relies heavily on their ability to autonomously navigate complex,  
dynamic, and unstructured environments. Central to this autonomous capability is the Simultaneous Localization and 
Mapping  framework,  which  provides  the  spatial  awareness  necessary  for  safe  path  planning  and  execution.  While  
significant algorithmic advancements have been made in spatial mapping, a critical gap remains in understanding the 
precise  quantitative  relationship  between  mapping  accuracy,  driven  by  underlying  sensor  fidelity,  and  the  ultimate 
navigation performance of the robotic platform. This paper addresses this gap by investigating the direct linkages between 
sensor-level validation, mapping degradation, and navigation execution errors. Through a comprehensive experimental 
methodology utilizing a custom-built differential drive service robot equipped with heterogeneous sensors, including light 
detection and ranging, visual cameras, and inertial measurement units, we systematically evaluate how sensor noise,  
calibration errors, and environmental challenges propagate through the spatial mapping pipeline into the navigation stack.  
The study utilizes highly controlled indoor environments combined with motion capture ground truth to isolate and quantify 
these error propagations. The findings reveal that even marginal degradation in mapping fidelity due to sensor limitations  
exponentially increases trajectory deviations during autonomous navigation, particularly in feature-deprived or highly 
dynamic spaces. By validating the sensor inputs and correlating them with navigation outcomes, this research provides a 
robust empirical framework for optimizing sensor selection and algorithmic tuning in indoor service robotics, ultimately 
enhancing their reliability and operational safety.
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1. Introduction

1.1 Context and Significance of Indoor Service Robotics

The proliferation of mobile service robotics over the past decade has fundamentally transformed a multitude of industries, 
ranging from healthcare and logistics to domestic assistance and retail management. Unlike traditional industrial robots  
that operate in highly structured, static, and predictable environments safely isolated from human presence, indoor service 
robots must navigate complex, dynamic, and often unstructured spaces safely and efficiently. This operational paradigm 
shift requires these platforms to possess robust autonomous navigation capabilities, enabling them to comprehend their 
surroundings,  determine  their  precise  location,  and  plan  collision-free  trajectories  to  their  designated  goals.  As  the  
application domains for these robots continue to expand, the expectations for their operational reliability, safety, and  
efficiency have increased commensurately. A fundamental prerequisite for achieving this high level of autonomy is the  
robot's ability to construct a reliable internal representation of its environment while simultaneously keeping track of its 
own pose within that evolving representation. This process is  globally recognized in the robotics community as the 
simultaneous localization and mapping problem, representing one of the most critical foundational challenges in mobile  
robotics [1]. The accuracy with which a service robot can map its environment directly dictates its ability to navigate safely; 
however, the precise mechanisms by which mapping inaccuracies degrade navigation performance remain complex and  
require rigorous empirical investigation.

1.2 The Critical Role of Localization and Mapping

Simultaneous localization and mapping represents a classic chicken-and-egg problem in robotics. To build an accurate map 
of the environment, the robot must know its precise location; conversely, to determine its precise location, the robot requires 
an accurate map. Over the years, researchers have developed numerous sophisticated algorithmic frameworks to solve this 
problem, leveraging probabilistic  approaches,  optimization techniques,  and various sensor modalities  [2].  While  the  
theoretical underpinnings of these algorithms have reached a high level of maturity, their practical implementation on 
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physical service robots operating in the real world exposes significant vulnerabilities. These vulnerabilities are primarily 
rooted in the inherent limitations and non-ideal characteristics of the sensory hardware used to perceive the environment.  
Sensors such as laser rangefinders, depth cameras, and inertial measurement units are all subject to varying degrees of 
noise, bias, drift, and environmental susceptibility. When these sensor imperfections are introduced into the mapping 
pipeline, they generate localization uncertainties and mapping distortions [3]. The core issue arises because the autonomous 
navigation stack, which comprises global path planners, local trajectory generators, and obstacle avoidance behaviors,  
treats the output of the mapping module as ground truth. Consequently, any spatial inaccuracies embedded within the map 
or any temporal drift in the localization estimate will inevitably propagate into the navigation process, leading to sub-
optimal pathing, increased risk of collision, or complete navigational failure.

1.3 Research Problem and Objectives

Despite the acknowledged interdependence between spatial mapping and autonomous navigation, much of the existing  
literature evaluates these two components in isolation. Mapping algorithms are frequently benchmarked on standardized 
datasets to measure trajectory accuracy and map consistency, while navigation planners are often evaluated in simulated 
environments with perfect localization or predefined static maps [4]. This isolated evaluation methodology fails to capture 
the  complex,  coupled  dynamics  of  a  fully  integrated  robotic  system where  mapping  and  navigation  are  executing 
concurrently and continuously interacting. Specifically,  there is  a scarcity of comprehensive studies that  empirically 
quantify how specific modalities of sensor validation and their resulting mapping accuracies translate into measurable 
navigation execution errors. This research aims to bridge this critical gap by explicitly linking mapping accuracy to 
navigation performance through rigorous sensor validation evidence derived from a physical indoor service robot. The 
primary objective is to establish a clear, quantitative relationship between sensor-induced mapping errors and the resulting 
deviations in the robot's physical trajectory during autonomous navigation. By systematically analyzing how different 
environmental conditions and sensor configurations impact this relationship, the study seeks to provide actionable insights 
for robotic system designers, enabling them to make informed decisions regarding sensor selection, calibration procedures, 
and algorithmic robustness.

1.4 Scope and Structure of the Study

To achieve these objectives, this study employs a rigorous experimental design utilizing a custom-developed indoor service 
robot platform operating in various representative indoor environments. The scope of the investigation is specifically 
focused on the interplay between heterogeneous sensor inputs, the resulting simultaneous localization and mapping outputs, 
and the terminal accuracy of the navigation stack. The remainder of this paper is structured to provide a comprehensive  
exploration of this topic. Section 2 delves into a detailed review of the relevant literature, establishing the theoretical 
framework for spatial mapping, sensor modalities, and navigation architectures, while highlighting the current gaps in  
understanding  error  propagation.  Section  3  outlines  the  meticulous  methodology  employed,  detailing  the  hardware 
architecture of the robotic platform, the rigorous sensor validation and calibration procedures, the characteristics of the  
experimental environments, and the metrics utilized for performance evaluation. Section 4 presents the comprehensive 
results of the experimental trials,  providing an in-depth analysis of how mapping fidelity correlates with navigation  
accuracy across diverse scenarios. Finally, Section 5 synthesizes the empirical findings, discusses their broader implications 
for the design and deployment of indoor service robots, acknowledges the limitations of the current study, and proposes 
directions for future research in this critical domain.

2. Literature Review and Background

2.1 Evolution of Spatial Mapping Architectures

The historical development of simultaneous localization and mapping has been characterized by continuous methodological 
shifts aimed at improving accuracy, computational efficiency, and robustness. Early approaches predominantly relied on 
probabilistic filtering frameworks, most notably the Extended Kalman Filter and Particle Filters. The Extended Kalman 
Filter approach modeled the robot pose and landmark positions within a single state vector, updating the covariance matrix 
as new sensor measurements were acquired [5]. While mathematically elegant for small-scale environments, this approach 
suffered from severe computational scalability issues,  as the computational complexity scaled quadratically with the 
number of mapped landmarks. To address this limitation, Particle Filter-based methods, such as the widely adopted Fast-
SLAM architecture, were introduced [6]. These methods utilized a set of particles to represent the posterior distribution of 
the  robot's  trajectory,  with  each particle  maintaining its  own local  map.  This  decoupled the  mapping problem and  
significantly improved computational tractability, allowing robots to map larger indoor areas. However, Particle Filters 
remained susceptible to particle depletion, especially in environments with sparse features or prolonged periods of high 
sensor uncertainty, ultimately leading to mapping inconsistencies and catastrophic localization failures [7].

In recent years, the paradigm has decisively shifted towards graph-based optimization frameworks. In these architectures, 
the robot's trajectory is modeled as a graph, where the nodes represent poses at discrete time steps, and the edges represent 
spatial constraints derived from sensor measurements, such as relative odometry or scan matching alignments [8]. The  



Journal of Robotics and Autonomous Technologies   |   https://ratjournal.net

Vol. 1, Issue 1 (2026) 3

mapping  problem is  then  formulated  as  a  non-linear  least  squares  optimization  task,  seeking  to  find  the  trajectory 
configuration that minimizes the global error across all constraints. This optimization-based approach, often coupled with 
robust loop closure detection mechanisms that identify when the robot has returned to a previously visited location, has  
dramatically enhanced global map consistency [9]. By distributing the accumulated drift across the entire trajectory graph 
upon loop closure, these algorithms can generate highly accurate maps even in expansive indoor facilities. Despite these 
algorithmic advances, the fundamental dependency on the quality of the incoming sensor data remains absolute. The most 
sophisticated  optimization  backend cannot  fully  compensate  for  inherently  flawed or  highly  noisy  front-end  sensor 
measurements, making sensor validation a critical prerequisite for reliable mapping.

2.2 Sensor Modalities and Calibration Challenges

The sensory apparatus of an indoor service robot serves as its sole connection to the physical world, and the selection,  
integration, and calibration of these sensors profoundly impact the success of both mapping and navigation. Light detection 
and ranging sensors, commonly referred to as LiDAR, have long been the gold standard for indoor mapping due to their  
ability to provide highly accurate, dense, and direct distance measurements [10]. Two-dimensional LiDARs are ubiquitous 
on service robots,  providing a planar slice of the environment which is highly effective for obstacle avoidance and 
localization in structured spaces like offices and corridors. However, LiDAR sensors are not without vulnerabilities. 
They frequently struggle in environments with highly reflective surfaces, such as glass walls or mirrors, which can cause  
spurious measurements or  complete signal  loss.  Furthermore,  in  geometrically uniform environments,  such as long,  
featureless hallways, LiDAR-based scan matching algorithms can suffer from degeneracy, where the lack of geometric  
constraints leads to unobservable drift along the axis of the corridor [11].

Visual sensors, including monocular, stereo, and RGB-D cameras, offer a compelling alternative or complement to LiDAR. 
Vision-based mapping systems leverage the rich photometric information of the environment, extracting distinct visual 
features to estimate motion and construct maps [12]. RGB-D cameras, which provide both color imagery and dense depth 
information, are particularly popular in indoor service robotics. They excel in highly textured environments and are 
generally  more  cost-effective  than  high-end LiDARs.  Nevertheless,  visual  sensors  present  their  own distinct  set  of  
challenges. Their performance is highly sensitive to ambient illumination conditions; poor lighting, drastic glare, or sudden 
changes in exposure can severely degrade feature extraction and matching, leading to localization tracking loss [13].  
Additionally, visual systems often struggle in environments lacking sufficient texture, such as blank white walls, which are 
common in modern indoor architecture.

To  mitigate  the  limitations  of  individual  sensors,  modern  service  robots  almost  universally  employ  sensor  fusion 
techniques, integrating data from multiple modalities, typically including an Inertial Measurement Unit [14]. The Inertial 
Measurement Unit provides high-frequency measurements of angular velocity and linear acceleration, which are crucial 
for maintaining short-term pose estimates between the relatively low-frequency updates from LiDAR or visual sensors.  
However, inertial sensors are notoriously prone to integration drift over time, necessitating continuous correction from the 
exteroceptive sensors. The successful integration of these heterogeneous sensors requires rigorous spatial and temporal 
calibration [15]. Spatial calibration involves determining the exact rigid body transformations between the different sensor 
coordinate frames and the robot's base frame, while temporal calibration ensures that the data streams are accurately  
synchronized in time. Even minor inaccuracies in these calibration parameters introduce systematic biases into the mapping 
pipeline, which accumulate over time and manifest as significant map distortions, highlighting the critical need for robust 
sensor validation protocols.

2.3 Error Propagation from Mapping to Navigation

The theoretical linkage between mapping accuracy and navigation performance is rooted in the architecture of the standard 
autonomous navigation stack. This stack typically operates on a dual-layer planning paradigm comprising a global planner 
and a local planner. The global planner utilizes the static map generated by the simultaneous localization and mapping 
module to compute a complete, optimal path from the robot's current estimated location to the target destination. This path 
is generated using algorithms such as Dijkstra or A-star, treating the mapped obstacles as hard constraints [16]. The local  
planner, conversely, is responsible for executing this global path by generating velocity commands while dynamically 
avoiding unmapped or moving obstacles based on real-time sensor data.

When  the  underlying  map  is  inaccurate  due  to  sensor  noise  or  uncorrected  drift,  the  entire  navigation  process  is  
compromised at multiple levels. Firstly, if the map contains structural distortions, such as misaligned corridors or artificially 
thickened walls, the global planner may generate highly inefficient routes or, in severe cases, fail to find a valid path  
altogether, falsely concluding that the goal is unreachable [17]. Secondly, navigation relies heavily on the robot's ability to 
localize itself within this generated map. If the real-time sensor data does not align well with the distorted map, the  
localization algorithm will produce highly volatile and uncertain pose estimates. This localization instability directly 
impacts  the  local  planner,  causing  the  robot  to  exhibit  erratic  motion,  oscillating  behavior,  or  excessive  caution, 
significantly  reducing  the  smoothness  and  efficiency  of  the  trajectory  execution  [18].  In  extreme  cases  where  the 
localization estimate diverges completely from the true pose, the robot may navigate blindly, leading to imminent collisions 
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or navigation failure. Despite this clear theoretical linkage, there remains a critical need for rigorous empirical studies that 
quantify exactly how specific degrees of mapping degradation translate into measurable navigation errors across varied 
operational contexts.

3. Methodology and Experimental Design

3.1 Robotic Platform and Hardware Architecture

To systematically investigate the linkages between sensor validation, mapping accuracy, and navigation performance, a  
custom indoor service robot was designed and assembled for this study. The platform was built upon a robust differential  
drive kinematic base, selected for its high maneuverability and suitability for typical indoor environments. The propulsion 
system consisted of two high-torque brushless direct current motors equipped with high-resolution quadrature encoders, 
providing reliable internal odometry data. The computational core of the robot was a high-performance industrial computer 
featuring a multi-core processor and dedicated graphics processing capabilities, running a real-time operating system to 
ensure deterministic execution of the sensor acquisition and control loops. The software architecture was implemented 
using a widely adopted open-source robotics middleware framework,  facilitating modular  integration of  the various 
algorithms and sensor drivers.

The sensory suite was meticulously selected to represent the standard configuration of modern commercial service robots. 
The primary exteroceptive sensor was a high-precision two-dimensional laser rangefinder, mounted centrally at the front  
of the robot, providing a wide field of view and long-range distance measurements. Complementing the laser rangefinder  
was an RGB-D camera, positioned to capture the volumetric space immediately in front of the robot, providing rich visual 
and depth data for  complex obstacle detection and visual  feature extraction.  Furthermore,  a  highly sensitive micro-
electromechanical systems Inertial Measurement Unit was rigidly mounted close to the robot's center of mass, delivering  
high-frequency acceleration and rotational rate data. 

Table 1: Sensor Configuration and Noise Characteristics Profile

Sensor Modality Hardware Specification Spatial Resolution Calibrated Noise Density

2D Laser Rangefinder 270-degree Field of View 0.25-degree angular 0.01 meters standard deviation

RGB-D Depth Camera 640x480 Depth Resolution 30 frames per second
Depth dependent, 2% at 3 
meters

Inertial Measurement Unit 6-Axis (Gyro + Accel) 400 Hertz update rate
0.005 degrees per second 
squared

3.2 Sensor Validation and Calibration Procedures

Prior to executing any experimental trials, a comprehensive sensor validation and calibration protocol was strictly enforced 
to establish a baseline of optimal sensor performance and to quantify the inherent noise characteristics of each modality.  
The intrinsic calibration of the RGB-D camera was performed using a standard checkerboard pattern to determine the focal 
lengths, optical centers, and lens distortion coefficients, ensuring the accuracy of the projected depth point clouds. The  
spatial extrinsic calibration, determining the precise geometric transformations between the laser rangefinder, the camera,  
the Inertial Measurement Unit, and the robot's base link, was achieved through a rigorous optimization procedure involving 
simultaneous observations of known calibration targets from different viewpoints [19]. 

Temporal synchronization among the heterogeneous sensors was critically evaluated. Given the varying acquisition rates 
and inherent processing delays of the different hardware components, precise timestamps were assigned at the hardware  
level whenever possible, and software-level filtering was applied to align the data streams, minimizing latency-induced 
errors during fast rotational maneuvers. Furthermore, the noise profile of each sensor was empirically characterized by 
collecting static data in a highly controlled environment, allowing for the calculation of exact variance and bias values. 
These validated noise parameters, detailed in Table 1, were explicitly incorporated into the tuning of the state estimation  
and mapping algorithms, ensuring that the system optimally weighted the confidence of each sensor input based on its  
empirical reliability [20].
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Figure 1: Comprehensive Schematic of the Sensor Validation and Navigation Error Propagation Framework

3.3 Experimental Environments and Ground Truth System

The experimental trials were conducted across three distinct indoor environments, specifically chosen to challenge different 
aspects of the mapping and navigation systems. The first environment was a standard modern office space, characterized  
by a high density of geometric features, furniture, and static structural elements, representing an ideal scenario for laser-
based mapping. The second environment was a long, sparsely decorated institutional corridor with highly uniform walls 
and minimal structural variation, designed to induce geometric degeneracy and evaluate the system's susceptibility to 
longitudinal drift.  The third environment was a simulated industrial  warehouse mockup, featuring wide open spaces  
interspersed with dynamic obstacles and varying lighting conditions, testing the robustness of the visual sensors and the  
integration of the Inertial Measurement Unit during complex maneuvers.

To rigorously quantify the accuracy of both the mapping and navigation processes, an external, highly precise motion 
capture system was installed in each experimental environment. This system utilized multiple high-speed infrared cameras 
to track reflective markers rigidly attached to the robot's chassis, providing sub-millimeter positioning accuracy and highly 
precise orientation data at high frequencies. This motion capture data served as the absolute ground truth trajectory against 
which the robot's internally generated estimates were compared. During the mapping phase, the robot was manually driven 
through  each  environment  to  construct  the  spatial  map.  Subsequently,  during  the  navigation  phase,  the  robot  was  
commanded to autonomously navigate between predefined waypoints within the previously generated map, relying entirely 
on its autonomous navigation stack for localization and trajectory execution [21].

4. Results and Performance Analysis

4.1 Quantitative Analysis of Mapping Accuracy

The evaluation of mapping accuracy focused on the fidelity of the generated spatial representations and the consistency of 
the estimated trajectories compared to the absolute ground truth provided by the motion capture system. Two primary 
metrics were employed for this evaluation: the Absolute Trajectory Error, which measures the global consistency of the  
estimated trajectory by aligning it with the ground truth and calculating the root mean square error of all pose translations, 
and the Relative Pose Error, which evaluates the local drift by measuring the error in the relative transformations over fixed 
time intervals or distances.

In the highly structured office environment, the sensor-validated mapping algorithms performed exceptionally well. The  
abundance of distinct geometric features allowed the laser rangefinder to provide robust scan matching constraints, while  
the accurate calibration of the Inertial Measurement Unit facilitated smooth state estimation during rapid rotations. The  
resulting map exhibited minimal structural distortion, and the Absolute Trajectory Error was recorded at exceptionally low 
levels, indicating near-perfect global consistency. However, the performance degraded significantly in the feature-poor 
corridor environment. As anticipated, the lack of geometric variation caused the laser-based scan matching to become  
highly uncertain along the longitudinal axis. Despite the sensor fusion efforts, the system accumulated noticeable drift, 
resulting in an elongated and slightly warped map representation of the corridor. The Absolute Trajectory Error in this 
environment  was markedly  higher,  reflecting this  accumulated global  inconsistency.  In  the  warehouse  mockup,  the  
dynamic elements and varying lighting challenged the visual sensors, but the validated multi-sensor fusion approach 
maintained reasonable accuracy, though not reaching the precision observed in the static office setting.



Journal of Robotics and Autonomous Technologies   |   https://ratjournal.net

Vol. 1, Issue 1 (2026) 6

Table 2: Comparative Analysis of Mapping and Navigation Accuracy Metrics Across Environments

Experimental Environment
Mapping Absolute Trajectory 

Error
Navigation Cross-Track Error

Navigation Arrival Success 
Rate

Structured Office Space 0.045 meters 0.082 meters 100 percent

Featureless Long Corridor 0.185 meters 0.315 meters 85 percent

Industrial Warehouse Mockup 0.092 meters 0.156 meters 92 percent

4.2 Impact of Mapping Degradation on Trajectory Execution

The critical phase of the analysis involved linking the observed mapping inaccuracies directly to the performance of the 
autonomous navigation stack.  Navigation accuracy was quantified using the Cross-Track Error,  which measures the 
perpendicular deviation of the robot's actual executed path, as recorded by the ground truth system, from the optimal 
planned trajectory generated by the global planner. Furthermore, the overall reliability was assessed through the Navigation 
Arrival Success Rate, defined as the percentage of trials where the robot successfully reached the target destination within 
a specified tolerance without collisions or manual interventions [22].

The results, summarized in Table 2, clearly demonstrate a strong, non-linear correlation between mapping degradation and 
navigation  execution  errors.  In  the  office  environment,  where  the  mapping  accuracy  was  exceptionally  high,  the  
autonomous  navigation  performed  flawlessly.  The  robot  followed  the  planned  trajectories  with  minimal  deviation,  
exhibiting a low Cross-Track Error, and successfully reached all targets. The highly accurate map allowed the real-time  
localization module to maintain tight confidence bounds, enabling the local planner to execute smooth and efficient velocity 
commands.

Conversely, the consequences of the mapping drift experienced in the corridor environment were profoundly negative for 
the navigation phase. The structural warping of the map caused a fundamental misalignment between the robot's real-time 
sensory perception of the straight walls and the distorted representation in the global map. This discrepancy forced the 
localization algorithm into a state of high uncertainty, characterized by sudden jumps in the estimated pose as it struggled  
to reconcile the conflicting data. These localization jumps severely disrupted the local trajectory planner. Instead of smooth 
forward motion, the robot exhibited oscillating behavior, frequently steering unnecessarily to correct perceived deviations 
that were actually artifacts of the flawed map. This resulted in a substantially higher Cross-Track Error. More critically,  
the accumulated errors occasionally led to complete localization failure,  where the robot could no longer match its  
surroundings to the map, resulting in navigation aborts and a decreased success rate. These findings provide definitive  
empirical evidence that even seemingly minor, localized mapping drifts can cascade through the system, exponentially 
degrading the stability and accuracy of the final navigation execution.

5. Discussion and Conclusion

5.1 Synthesis and Implications of the Findings

The comprehensive experimental results presented in this study establish a definitive and quantitative linkage between the 
fidelity of simultaneous localization and mapping outputs, derived from validated sensor data, and the terminal accuracy  
of autonomous navigation in indoor service robots. The data clearly illustrates that navigation performance is not solely a  
function  of  algorithmic  path  planning  sophistication  but  is  fundamentally  constrained  by  the  quality  of  the  spatial 
representation provided to the navigation stack. In environments where sensor validation ensures optimal data acquisition 
and robust mapping, such as the structured office scenario, navigation is highly reliable and precise. However, the study  
demonstrates that when environmental challenges, such as the geometric degeneracy of the corridor, exploit inherent sensor 
vulnerabilities, the resulting mapping distortions propagate aggressively through the system.

A key finding of this research is the amplification effect of mapping errors on navigation control. The experiments revealed 
that a linear increase in mapping error, as measured by the Absolute Trajectory Error, often resulted in a disproportionately 
larger degradation in navigation smoothness and a significant increase in Cross-Track Error. This occurs because map  
inaccuracies do not merely offset the optimal path; they actively corrupt the real-time localization process during execution. 
The local planner, forced to operate on highly volatile and uncertain pose estimates, generates erratic control signals,  
leading to oscillatory motion and increased physical deviation from the intended trajectory. These empirical insights 
underscore the critical importance of rigorous sensor validation and the necessity of characterizing sensor limitations not  
just for mapping evaluation, but as a fundamental parameter for predicting navigation reliability. For practitioners and 
developers of indoor service robots, these findings emphasize that investing in higher fidelity sensors, robust calibration 
routines, and context-aware sensor fusion architectures is paramount for ensuring operational safety and efficiency in  
complex real-world deployments [23].

5.2 Concluding Remarks and Future Work

In conclusion, this paper has systematically investigated the complex interdependencies between sensor-level validation, 
spatial mapping accuracy, and autonomous navigation performance in the context of indoor service robotics. By deploying 
a custom-built, fully instrumented robotic platform across diverse operational environments and utilizing high-precision 
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motion capture for absolute ground truth verification, the study has provided robust empirical evidence detailing how 
specific  mapping degradations directly  compromise trajectory execution.  The research confirms that  the  efficacy of 
advanced navigation planners is intrinsically bound to the structural integrity of the underlying spatial map and the stability 
of the real-time pose estimation, both of which are entirely dependent on validated, high-quality sensor inputs.

While this study offers significant contributions to the understanding of error propagation in mobile robotics, there remain 
avenues for future research. The current investigation primarily focused on static and mildly dynamic environments. Future 
work should expand this framework to highly dynamic and chaotic environments, typical of busy retail or healthcare 
settings,  to  analyze  how  continuous  environmental  changes  further  complicate  the  mapping-to-navigation  linkage. 
Additionally, exploring the integration of advanced machine learning techniques for real-time sensor anomaly detection  
and adaptive noise characterization could provide more resilient state estimation, potentially mitigating the downstream 
effects of sensor degradation before they catastrophically impact the navigation execution stack. Ultimately, advancing the 
reliability of indoor service robots requires a holistic approach that treats perception, mapping, and navigation not as 
isolated modules, but as a deeply integrated and mutually dependent ecosystem.
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