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Abstract. This paper compares three representative robot localization
methods—odometry-based localization, particle-filter (Monte Carlo)
localization, and SLAM—and analyzes their principles, strengths, and
limits. Odometry provides fast motion-based estimates but suffers from
drift; particle filters reduce drift through probabilistic sampling and sensor
fusion; SLAM jointly estimates pose and a map and can correct long-term
errors through loop closure. We present concise tables that summarize
advantages, limitations, and computational trade-offs for each method and
offer a cross-method comparison. We also discuss typical application
scenarios for short-range low-cost robots, service robots in known maps,
and long-term autonomous navigation in unknown environments. Finally,
we outline a simple hybrid idea in which odometry provides the motion
prior while a particle filter or SLAM module performs measurement
correction. The paper emphasizes practical trade-offs among accuracy,
robustness, real-time performance, and computing cost, and clarifies where
each approach is most appropriate. Although related literature is abundant,
our own experimental validation is planned as future work.

1 Introduction

Accurate localization is a foundational requirement for mobile robots to navigate safely and
efficiently. Classical motion-based methods estimate pose by integrating wheel encoder
measurements and inertial cues, but these estimates inevitably accumulate systematic and
random errors over time [1]. Early and influential studies catalogued typical odometry error
sources and proposed calibration strategies for mobile robots, highlighting the need to
understand both hardware limits and modeling assumptions [2].

To address drift and uncertainty more formally, probabilistic robotics introduced
Bayesian filtering as a principled way to represent belief over robot state and fuse
heterogeneous sensors [3]. In particular, particle-filter (Monte Carlo) localization (MCL)
approximates the posterior with weighted samples and has become a standard solution for
global localization and kidnapped-robot problems, especially when noise is non-Gaussian
and models are nonlinear [4]. The original MCL formulation demonstrated how efficient
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sampling and resampling can yield accurate position estimates while maintaining multiple
hypotheses in ambiguous environments [5].

In parallel, simultaneous localization and mapping (SLAM) emerged to tackle operation
in unknown environments. SLAM methods co-estimate robot trajectory and a map using
sensor observations, and reduce long-term drift by closing loops when revisiting places [6].
Subsequent surveys and tutorials formalized algorithmic components—sensor modeling,
data association, and optimization—and contrasted filtering and smoothing formulations [7].
More recent overviews position SLAM within a broader robust-perception pipeline,
emphasizing scalability, multi-sensor fusion, and real-world deployment challenges [8].

This paper provides a compact comparative view of three families—odometry, particle
filters, and SLAM—focusing on principles, typical strengths and limits, and computational
trade-offs. We supply short descriptive text and tables for each method, followed by a
comparative summary across the three. Our discussion also sketches a hybrid idea where
odometry supplies a motion prior while a probabilistic estimator (e.g., MCL) performs
measurement correction. The intended contribution is pedagogical: to distill widely used
design choices and to clarify when each approach is appropriate, rather than to introduce a
new algorithm. We note that, although we reference established literature and common
practices, we have not yet conducted our own experiments; empirical validation is left to
future work.

2 Odometry-based localization

2.1 Principle

Odometry estimates the robot’s 2D pose by integrating wheel rotation over time. Encoders
measure wheel angles; with known wheel radius and wheelbase, linear and angular
velocities are computed and integrated to update pose. This method is simple and fast but
assumes near pure rolling without slip and precise calibration of geometry and encoders.
See the classic analyses of systematic errors and calibration methods for mobile robots for
further details [1, 2].

2.2 Strengths and limits

Odometry is attractive for low-cost platforms because it requires only encoders (optionally
an IMU) and minimal computation. However, small velocity errors integrate into
substantial drift, and wheel slip or changing friction may corrupt motion estimates. Without
exteroceptive correction, long-term accuracy degrades quickly shown in Table 1 [1, 2].

Table 1. Limitations and Causes of Odometry Wheel Algorithm

Limitation Cause
Error accumulation Small velocity errors are integrated over time, leading to large
drift
Sensitive to environment Wheel slip or changing friction on rough/uneven ground affects
accuracy
No global correction Odometry only relies on wheel data without external reference
Not suitable for long-term Errors grow during long missions, making odometry unreliable
navigation

3 Particle filter localization
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3.1 Principle

A particle filter represents the robot state with a set of weighted samples (particles). The
motion model predicts particle states when the robot moves; the measurement model
updates weights based on sensor agreement; resampling concentrates particles on high-
likelihood hypotheses. Particle filters handle nonlinear models and non-Gaussian noise and
can maintain multiple hypotheses during ambiguity [3—5].

3.2 Strengths and limits

While flexible and robust, particle filters can be computationally demanding because
accuracy often requires many particles. Repeated resampling may reduce diversity (sample
impoverishment). In higher-dimensional state spaces, the particle count needed grows
rapidly, challenging real-time performance shown in Table 2 [4].

Table 2. Limitations of Particle Filter Algorithm

Limitation Cause
High computational cost More particles improve accuracy but require heavy computation
Real-time limitation Few particles allow fast updates but reduce accuracy; many particles
make it slow
Particle depletion Repeated resampling reduces diversity, causing sample impoverishment
Scalability issue In high-dimensional spaces, required particles grow rapidly
Sensor dependence Performance depends on sensor quality and correct motion model

4 SLAM-based localization

4.1 Principle

SLAM jointly estimates robot pose and a map using exteroceptive sensors (e.g., LIDAR or
cameras). It combines motion priors with measurement updates and uses loop closure to
correct accumulated drift when revisiting places. SLAM pipelines typically include feature
extraction, data association, and global optimization [6—8].

4.2 Strengths and limits

SLAM can achieve high global consistency and is suitable for operation in unknown
environments. However, performance depends on reliable sensing and correct data
association; large-scale optimization and map maintenance can be computationally
expensive, and real-time operation may require powerful hardware shown in Table 3 [6-8].

Table 3. Advantages and Limitations of SLAM

Aspect Advantages Limitations
Accuracy High accuracy due to loop closure and Sensitive to sensor noise and data
global optimization association errors
Robustness Adapts to unknown and dynamic May drop in textureless or repetitive-
environments feature areas
Scalability Supports large-scale, long-term High computational cost for large maps
navigation and optimization
Sensor Works with LIDAR, cameras, and Depends on sensor quality and
Flexibility other sensors calibration
Application Autonomous navigation, mapping, Not always real-time; hardware
exploration requirements can be high
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5 Comparative analysis

5.1 Results

Table 4 summarizes cost, accuracy, robustness, real-time behavior, computational load,
typical applications, and common challenges across the three approaches. The trade-offs
reflect core design choices: odometry favors simplicity and speed; particle filters trade
compute for probabilistic robustness; SLAM invests compute in global consistency through

loop closure and optimization [3, 6, 7, 8].

Table 4. Comparative Summary of Three Localization Methods

Feature Odometry Particle Filter SLAM
Cost Low: encoder Medium: sensors + High: LiDAR/vision + high-
+IMU computing performance computing
Accuracy Low: error Medium—High: depends on High: loop closure & global
accumulates particle number optimization
Robustness | Low: affected | High: handles non-Gaussian High: adapts to unknown
by slip & noise & multi-hypotheses environments
noise
Real-time High: simple Medium: few particles real- | Low: optimization and feature
computation time, lower accuracy extraction are costly
Computation Low: Medium: « particle number High: EKF O(n?) and graph
integration optimization are heavy
only
Application Short-range Known maps, service robots Unknown environments,
tasks, low- long-term navigation
cost robots
Challenges Integration Particle number vs. accuracy Large state space; loop
error cannot trade-off closure & optimization
be corrected complexity

6 Discussion

Odometry is best suited to short-range, low-cost platforms where simplicity and real-time
response are paramount, but it lacks mechanisms to correct accumulated drift [1, 2].
Particle-filter localization introduces a probabilistic framework that can fuse exteroceptive
measurements to reduce drift and maintain multiple hypotheses in ambiguous settings, at
the expense of greater computational demand [3—5]. SLAM provides global consistency by
co-estimating a map and revisiting places to close loops, yet requires careful sensing, data
association, and scalable optimization to run in real time [6—8]. A pragmatic hybrid
combines odometry as a motion prior with either particle filtering or SLAM-based
correction: the former is attractive in known maps or with reliable beacons; the latter is
preferable in unknown environments demanding persistent autonomy. In our current work,
this hybrid concept remains a design proposal without experimental validation;
implementing and benchmarking it under controlled conditions is left to future work.

7 Conclusion

This paper offered a compact comparison of three mainstream approaches to robot
localization: odometry, particle filters, and SLAM. Odometry remains a compelling
baseline due to minimal sensor requirements and excellent real-time behavior, but its error
inevitably grows without external correction. Particle filters provide a principled means to
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reduce drift by fusing exteroceptive measurements and maintaining multiple hypotheses,
though their computational cost scales with particle count and state dimension. SLAM
achieves high global accuracy by co-estimating pose and a map and leveraging loop closure,
but it relies on high-quality sensing, robust data association, and substantial computation.
Through focused tables and narrative, we clarified where each method is most appropriate
and how their trade-offs align with application constraints in cost, accuracy, robustness, and
timing. We also sketched a hybrid strategy in which odometry supplies the motion prior and
a probabilistic or SLAM-based module performs measurement correction, offering a
balanced path toward improved accuracy without sacrificing responsiveness. As a
limitation, we have not yet conducted our own experiments; a priority for future work is to
implement and benchmark the hybrid approach across representative scenarios, sensors,
and compute budgets, and to quantify accuracy—latency trade-offs with standardized
datasets.
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