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Abstract 

Localization is a fundamental requirement for autonomous mobile robot navigation. 
Several localization techniques exist, but they often require extensive installation of 
beacons, careful parameter tuning, high computational requirements, or an immense 
amount of training data. Environmental (e.g., indoor)/resource constraints, sensor 
degradation, and sudden pose discontinuities can make such methods unreliable. This 
creates a critical gap: the lack of a simple, lightweight localization method that can operate 
as a primary localization method or in parallel with other classical systems and provide 
reliable pose estimates during primary localization system failures. Thus, this paper 
proposes a lightweight, deep learning (DL)-based, two-dimensional LiDAR localization 
method. The approach combines LiDAR scan range data with eleven proposed 
handcrafted geometric features to train a Convolutional Multi-Layer Perceptron 
(ConvMLP) regression model for predicting the two-dimensional location of a robot, 
which is further smoothed by an augmented recursive Extended Kalman filter (EKF). The 
overall system is validated in three real-world environments. The results are compared 
against various existing machine learning (ML) models and other well-known localization 
techniques. The experimental results demonstrate a 280 Hz pose-update rate, achieving a 
13 cm Root Mean Square Error (RMSE) using the ConvMLP model alone, which further 
reduces to 5 cm when fused with the recursive EKF. 

Keywords: deep learning; LiDAR localization; geometric fingerprinting; kidnapped robot  
recovery; sensor fusion; fallback localization system 
 

1. Introduction 
Accurate and reliable pose estimation is a fundamental requirement for autonomous 

mobile robot navigation. This is even more important in indoor environments, where 
ubiquitous beacon-based positioning is unavailable, unlike the outdoors via GPS [1]. 
While installing landmarks in such an environment can help overcome some issues with 
beacon-based systems, this may not be possible in all types of indoor environments. Even 
if installation is possible, it may be extremely time-consuming and/or resource-intensive 
[2]. Given the availability of positioning data via beacons, landmarks, or inertial sensors 
onboard robots, classical localization via state estimators, probabilistic filters and SLAM-
based systems has demonstrated strong performance in structured settings. However, 
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they often rely on significant onboard computational ability, careful parameter tuning, 
and continuous availability of high-quality sensor data [3]. These requirements can limit 
their usability with low-cost robotics platforms/setups common in educational or early-
stage prototyping settings [4]. 

In recent years, machine learning (ML)-based, regression-oriented localization 
methods have gained attention due to their ability to directly estimate robot pose from 
sensor observations [5]. While promising, many existing deep learning-based approaches 
depend on high-dimensional perception pipelines like large-scale vision-based 
segmentation, graphical processing unit (GPU)-based hardware acceleration, or 
availability of extremely large-scale training datasets [6]. As a result, their deployment on 
resource-constrained robots remains challenging, and the role of such ML-based systems 
is often envisioned as replacing, rather than complementing, traditional localization 
systems. In real-life robotic deployments, intermittent localization failures and 
degradation of localization accuracy are not uncommon. Situations such as sensor 
occlusion, environmental changes [7], kidnapped robot events (due to manual 
intervention [8]/complete short-duration sensor dropout causing a robot to experience a 
discontinuity in pose), or computational overload [2] can cause classical localization 
methods to degrade or temporarily fail. In such cases, the availability of a computationally 
lightweight but reasonably accurate localization method can be critical for maintaining 
basic robot operation and preventing catastrophic failure. Despite this need, relatively 
little attention has been given to simple, deployable learning-based localization methods, 
which are either explicitly designed to act as complementary/fallback estimators rather 
than full replacements or designed for low-cost, low-resource robotic systems. 

This paper presents a lightweight 2D LiDAR localization method designed for real-
time execution on CPU-only robotics platforms. The proposed approach uses SLAM-
derived pose estimates as a reference during training, enabling the model to learn a 
mapping between raw LiDAR data, handcrafted features based on such data, and planar 
robot position. It is to be noted that SLAM-derived pose estimates are used as a reference 
for training and ground truth for comparison because this work does not use any other 
beacon-based source of ground truth. However, this does not mean that the proposed 
methodology cannot be used without SLAM. In systems where beacon-based absolute 
pose measurements are available, the ConvMLP model proposed in this paper can be 
trained using LiDAR data along with such available direct pose measurements. During 
inference, the model produces fast, deterministic pose estimates that can be used 
independently or integrated with classical localization pipelines as a fallback signal. 

The proposed method is evaluated in three real-world environments using a 
differentially driven wheeled mobile robot (WMR), a Turtlebot3 Burger (ROBOTIS Inc., 
CA, USA) [9]. The performance of the proposed method is assessed against wheel 
odometry, LiDAR-based localization via a ROS2 Cartographer pose estimator, and pose 
estimation by Adaptive Monte Carlo Localization (AMCL). Localization accuracy, 
computation time, memory requirements, pose estimation quality over different robot 
motion trajectories, and challenging conditions, such as kidnapped robot events, are used 
to rigorously test the proposed algorithm against the other localization techniques. 

The contributions of this work are summarized in the following points. 

(1) A lightweight deep learning-based 2D LiDAR localization model designed for CPU-
only deployment. 

(2) A ConvMLP-based pose regression architecture that predicts a robot’s position 
directly from a single (1D) LiDAR scan without requiring an initial pose estimate or 
explicit maps, integrated with a custom augmented recursive Extended Kalman 
Filter (EKF). 
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(3) A real-world LiDAR dataset and systematic benchmarking study across three indoor 
maps using a physical Turtlebot3 robot, demonstrating the practicality, repeatability, 
and comparative performance of the proposed method against classical localization 
techniques and multiple other ML/DL baselines. 

The remainder of this paper is organized as follows: Section 2 reviews related work. 
Section 3 presents the proposed methodology, experimental navigational map details, and 
implementation of the learning-based algorithms. Section 4 describes the experimentation 
setup, and Section 5 reports the results. Section 6 concludes the paper. 

2. Related Work 
Localization methods for mobile robots have evolved from infrastructure-dependent 

solutions to probabilistic, SLAM-based, and learning-based approaches. Early localization 
systems mainly relied on external infrastructure including Global Navigation Satellite 
Systems (GNSSs), wheel odometry, and inertial sensors [10]. GNSS-based localization 
provides global positioning, but it is unreliable in indoor environments [11]. Beacon-based 
systems are common but expensive if accuracy is needed [12]. Wheel odometry suffers 
from cumulative drift due to wheel slip, uneven terrain, and sensor noise, making pure 
dead-reckoning approaches unsuitable without external correction [13]. 

Probabilistic localization methods estimate robot pose by maintaining a belief 
distribution over the state space. Adaptive Monte Carlo (AMCL) is a widely adopted 
particle filter-based approach that localizes a robot within a known map using LiDAR 
observations and motion models [14]. While robust, AMCL requires careful selection of 
particle counts and sensor models, and it can be computationally expensive on low-power 
robots/localization setups [15]. SLAM-based localization systems, such as Cartographer 
[16], GMapping [17], and other scan-matching frameworks, estimate robot pose by 
aligning incoming LiDAR scans with a global map. These systems achieve high accuracy 
but rely on continuous scan matching and require significant computational resources 
[18]. Learning-based localization approaches estimate robot pose directly from sensor 
data using machine learning or deep learning models [19]. These methods can be broadly 
divided into pose regression and place recognition-based localization [20]. 

Pose regression methods use deep neural networks to map sensor data or learned 
representations directly to robot pose. Recent architectures explored deep architectures 
operating on point clouds [21] or learned embeddings [22]. While these methods can 
achieve high accuracy, they often require deep convolutional or transformer-based 
networks, GPU acceleration, and a large training dataset, thus limiting their deployability 
on resource-constrained robots/platforms. Place recognition-based pose regression 
methods retrieve the most similar location from a database of previously observed scenes 
[23]. These approaches are typically used to provide an initial pose estimate that is refined 
by subsequent optimization. Although efficient, place recognition methods alone do not 
provide continuous localization and are often combined with classical estimators. Vision-
based localization methods using RGB or RGB-D cameras have also been extensively 
studied. These approaches benefit from rich visual information but are sensitive to 
lighting changes, availability of texture, and camera calibration [24]. Additionally, vision-
based pipelines often have higher computational costs and experience robustness issues 
in situations that compromise vision sensor performance. 

To address the computational overhead common with raw 1D scans, research on 
extracting geometric features, such as lines, corners, and key points from 2D-LiDAR data 
[25], has received significant focus. More recently, Wang Y.T. et al. in [26] proposed a 
single LiDAR feature fusion algorithm that extracts both line segments and corner points. 
By integrating these features into a Weighted Parallel Iterative Closest Point (WP-ICP) 
framework, they achieved robust localization with significantly lower computational cost 
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compared to raw matching methods. Furthermore, Steinke et al. [27] introduced the 
concept of geometric fingerprinting for autonomous vehicles. Their work utilized vertical 
corner features extracted from LiDAR data to create a lightweight feature map, achieving 
centimeter-level accuracy that outperformed high-cost GNSS solutions in urban 
environments. These works collectively show that handcrafted geometric features can 
offer superior efficiency for resource-constrained systems compared to raw deep learning 
approaches. However, while these methods typically feed features into geometric solvers 
(like ICP), the work in this paper differentiates itself by feeding these geometric 
descriptors into a regression neural network. 

Recent research combines the pattern recognition capabilities of deep learning 
models with the stability of classical state estimators like Extended Kalman Filters (EKFs). 
Such integration is necessary due to the inherent performance trade-offs between a deep 
network’s global inference capability and local time-domain consistency enforced by state 
estimators like EKFs. Moreover, deep neural networks provide frame-by-frame 
regression-based localization, often exhibiting high-frequency temporal jitter due to 
sensor noise and environment aliasing [28]. To address this, researchers have proposed a 
system in which neural networks are used to estimate the global pose, which is then fused 
with odometry and passed through an EKF to effectively filter outliers and regression 
noise. This estimation framework ensures that the final pose output maintains both the 
global accuracy of the learned model and the local smoothness required for stable motion 
control. 

Existing localization approaches exhibit a trade-off between accuracy, robustness, 
and computational cost [29]. Solely infrastructure-dependent methods may lack long-
term reliability and are expensive to implement. Probabilistic and SLAM-based methods 
are computationally demanding, and many learning-based methods prioritize 
performance at the expense of deployability, training, computation, and data storage cost. 
There is a lack of simple, learning-based localization methods that can be operated using 
low-cost 2D LiDAR sensors, which run in real time on CPU-only platforms, require 
minimal training infrastructure, and are explicitly designed to complement existing 
localization systems as fallback pose estimators if the need arises. This work addresses the 
gap by proposing a lightweight learning-based LiDAR localization approach that 
emphasizes simplicity, computational efficiency, and practical deployment, rather than 
replacing established localization pipelines. It uses handcrafted geometric features along 
with a deep learning model trained on LiDAR scan data and a recursive EKF. 

To further clarify this gap, Table 1 provides a structured comparison of 
representative localization approaches across practical deployment dimensions, 
including sensing modality, computational requirements, hardware dependency, 
localization strategy, and real-time feasibility. As shown in Table 1, infrastructure-based 
methods depend on external hardware; probabilistic and SLAM-based systems require 
continuous scan matching and significant onboard computation; descriptor-based LiDAR 
approaches rely on pre-built maps or large databases; and many deep learning models 
require GPU acceleration or high-dimensional perception pipelines. In contrast, the 
proposed ConvMLP and handcrafted geometric feature pipeline is designed for CPU-only 
execution, uses only 2D LiDAR scans, requires no map during inference, and provides 
deterministic pose regression suitable for lightweight or fallback localization on low-cost 
robots/localization systems. 
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Table 1. Systematic comparison of robot localization approaches. 

Method 
Category 

Sensing 
Modality Computation 

Key Hardware 
Dependency 

Localization 
Strategy 

Deployment 
Constraints Cited Papers 

GNSS/Outdo
or Beacons 

External 
signals Low 

Requires 
infrastructure 

Absolute 
positioning 

Not usable 
indoors [11,12] 

Odometry/I
MU 

Wheel and 
inertial Very low 

Requires on 
the robot Dead-reckoning Drift accumulates [13] 

AMCL  
LiDAR and 

map Medium–High Requires map 
Probabilistic 

filtering 
Sensitive to 

particle count [14,15] 

SLAM 
(Cartographe
r, GMapping) 

LiDAR High CPU/GPU Scan matching 
and mapping 

Heavy 
computation 

[16–18] 

ICP/NDT LiDAR High Requires map 
Scan-to-map 

alignment 
Sensitive to 

initialization 
[25–27] 

Scan Context LiDAR Medium 
Requires 
database 

Place recognition 
Not continuous 

localization 
[23] 

DL Pose 
Regression LiDAR/Vision Medium–High Often GPU Direct regression Needs large 

datasets [19–21] 

Proposed 
ConvMLP 

with 11 
Features 

2D LiDAR Low (CPU-only) Label pose 
Direct regression 

and EKF 
smoothing 

Lightweight, 
map-free 
inference 

- 

3. Methodology 
The proposed localization approach uses a deep learning (DL)-based pipeline to 

estimate a robot’s position in an environment using 2D LiDAR data. The system operates 
in three distinct phases, as shown in Figure 1. In the first phase, the robot traverses the 
map and collects the LiDAR scan data, and the corresponding reference robot pose 
estimate from the ROS2 Cartographer SLAM module. As the robot traverses the map, the 
robot pose estimate is sampled. At every physical location of the robot corresponding to 
a sampled pose estimate, LiDAR range data (from 𝟎° 𝐭𝐨 𝟑𝟔𝟎 °), which provide the 
distances of all objects around that position of the robot, are collected. Then, the data are 
cleaned, and handcrafted features are generated from the LiDAR range data. In the second 
phase, the data preprocessing includes data augmentation and normalization. Many ML- 
and DL-based algorithms, such as linear regression, ridge regression, K-nearest neighbors 
(KNNs), random forest, multi-layer perceptron (MLP), convolutional network, and 
ConvMLP, are used to train models using the preprocessed data. In the third phase, the 
best model, which is the ConvMLP DL model, is used in inference mode to predict the 
robot’s location in the environment. Inference involves acquiring LiDAR scan range data 
for all obstacles (𝟎° − 𝟑𝟔𝟎°) around the robot at a particular position and then feeding this 
scanned data to the trained ConvMLP model, which then predicts the location of the robot 
based on the LiDAR scan input. Figure 1 shows the above phases as a schematic, and the 
subsections below first talk about the robotic hardware used and the experimental 
environments. Following this, each phase is explained in detail. 
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Figure 1. Workflow of the proposed DL-LiDAR localization method. 

3.1. Hardware and Environment Setup 

Experiments are conducted using a Turtlebot3 Burger mobile robot equipped with a 
2D LiDAR sensor (shown in Figure 2a), with a maximum sensing range of 3.5 m and 360° 
coverage. The LiDAR scans provide range measurements along rays with 1° angular 
resolution, as shown with the robot at location ሺ𝑥 =  0.75,𝑦 =  0.63ሻ  in Figure 2b. 
Another such LiDAR scan dataset is visible in Figure 2c, with the robot at the location ሺ𝑥 =  0.44 , 𝑦 =  0.56ሻ . The dimensions of the Turtlebot3 Burger robot are 138 mm 
(length (l)) ×  178 mm (width (w)) ×  192 mm (height (h)), and the dimensions of the 
LiDAR unit are 90 (l) ×  70 (w) ×  42 (h) mm. For this work, three distinct real-world 
indoor environments with planar walls and a limited number of obstacles are used, as 
shown in Figures 3–5. As shown in Figure 3, the constructed environment for Map1 is a 
small square room with three obstacles placed in the environment. Figure 4 shows the 
constructed Map2, which is an L-shaped, corridor-like environment with three obstacles. 
Figure 5 shows the real-life environment used as Map3. This is a robotics lab environment 
with multiple obstacles, and the yellow arrow depicts the door of the environment. Please 
note that Map2 itself is used as an obstacle in this environment (i.e., the robot cannot move 
in the interior of Map2 while it is navigating in Map3). Table 2 summarizes some of the 
physical specifications and collected dataset characteristics for each experimental map. 
The actual dimensions of the maps themselves can be seen in Figures 6a,b and 7, 
respectively, for Maps 1, 2, and 3. The dimensions of the obstacles in these maps are also 
shown to scale in Figures 6a,b and 7, respectively. 

Table 2. Summary of environment details. 

Map ID Map Type 
Dimensions (m) 
L  ×  B = Area 

Raw Samples 
Collected 

Augmented 
Samples 

Real Map1  
(Figure 3) 

Square-shaped 
area 

1.75 m ×  1.75 m  
= ~3 m2 

47,359 189,436 

Real Map2 
(Figure 4) 

L-shaped 
corridor  

3 m  ×  3 m  
= ~9 m2 

41,477 165,908 

Real Map3 
(Figure 5) 

Real indoor 
lab 

environment 

7 m  ×  7 m  
= ~49 m2 29,481 117,924 
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(a) (b) (c) 

Figure 2. (a) Turtlebot3 Burger; (b) Map1 and an example laser scan; (c) Map2 and an example 
laser scan. 

 

Figure 3. Map1, a square room with three obstacles. 

 

Figure 4. Map2, an L-shaped corridor with three obstacles. 
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Figure 5. Map3, a large square real laboratory environment with multiple obstacles. 

  
(a) (b) 

Figure 6. (a) Robot’s trajectory during data collection in Map1; (b) robot’s trajectory during data 
collection in Map2. 

3.2. Data Collection 

The required data is collected by manually teleoperating the robot through the 
environment in a lawnmower-like pattern while synchronously recording raw LiDAR 
scans and reference pose information (𝑥,𝑦). Note that the pattern of the path in which the 
robot is moved for data collection (e.g., lawnmower or other pattern) is not relevant to the 
developed DL-based localization approach. This is because the trained model associates 
position information with the LiDAR scan information at a given location, irrespective of 
how the locations are visited and in what order. For this work, Cartographer SLAM is 
utilized during the data collection process to generate the reference positions for each 
LiDAR scan. These reference positions (only the (𝑥,𝑦) coordinates) are the target variable 
(labels) for prediction. The orientation 𝜃 is not predicted, as the current focus is only on 
predicting (𝑥, 𝑦 ) coordinates in this work. Raw LiDAR scans are the distances of the 
obstacles/map boundary from the robot position for every angle (0–360), in 1° increments. 
At selected spatial locations, the robot is rotated (𝜃  varied from (0 to 360)) in 10° 
increments, resulting in approximately 36 distinctly oriented LiDAR scans sampled per 
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robot location. This 𝜃 rotation is done automatically at arbitrarily selected robot locations 
to capture orientation-dependent LiDAR observations. This multi-yaw sampling strategy 
attempts to reduce perceptual aliasing by ensuring that the model learns to recognize 
environmental features from all viewing angles wherever rotations were performed. 
Column four in Table 2 provides a detailed breakdown of the collected data quantities for 
each map. Figure 6a, b illustrates the robot’s trajectory during the data collection process 
in Maps 1 and 2, respectively, which highlights the path coverage and sampling density. 
Additionally, small circular or spiral clusters visible in the plotted trajectories correspond 
to locations where rotations were performed, indicating points where multiple yaw-
dependent scans were recorded. Then, the collected data is cleaned before further 
processing. Data cleaning handles the following cases: (i) if the LiDAR scan does not pick 
up objects because they are beyond the sensor’s measurement range, such readings 
usually appear in the dataset as “N/A”, these are manually set to the maximum LiDAR 
sensor range, i.e., 3.5 m, (ii) if there are cases such that a set of LiDAR scan range values 
at a particular physical location are not accompanied with the corresponding reference ሺ𝑥,𝑦ሻ  coordinates, then such a set of LiDAR scan range values is removed from the 
dataset, and (iii) if there are multiple identical sets of LiDAR scan range values at any 
given reference ሺ𝑥,𝑦ሻ coordinate, then only one set of LiDAR scan range values is kept 
for that particular reference ሺ𝑥, 𝑦ሻ coordinate. 

 

Figure 7. RViz visualization of Map3: a large square laboratory with multiple obstacles. 

3.3. Feature Representation 

Instead of relying solely on the collected raw LiDAR scans, the proposed method 
utilizes handcrafted features derived from the 2D LiDAR scan. These include statistical 
measures, geometric descriptors, and frequency-domain characteristics computed over 
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360 bins, 1 bin per 1° increment. Let the set 𝑆 =  ሼ 𝑟଴, 𝑟ଵ, 𝑟ଶ … , 𝑟ଷହଽሽ represent the LiDAR 
range measurement at a particular ( 𝑥, 𝑦 ) position. Here, 𝑟௜ ∈ ℝ, 𝑖 ∈ {0, 1, 2  ... 359} 
represents the range measurements at every 1° increment. In this work, the following 11 
features are extracted from 𝑆:  𝑑௠௜௡,𝑑௠௔௫, 𝑟௦௣௥௘௔ௗ ,𝜎, 𝛿, 𝜅, 𝜌, 𝐽௦, 𝐻, 𝐽௟ , and ℱ . These features 
are observed to help effectively encode spatial information. This specifically allows 
efficient training by providing ML algorithms more opportunities to detect patterns in the 
LiDAR scan data compared to just detecting patterns in raw data. The features calculated 
at each ሺ𝑥,𝑦ሻ position are described further. 

The features minimum distance (𝒅𝒎𝒊𝒏) and maximum distance (𝒅𝒎𝒂𝒙) represent min௜∈{଴,ଵ,ଶ … ଷହଽሽ 𝑟௜  and  max௜∈{଴,ଵ,ଶ … ଷହଽሽ 𝑟௜ , respectively. At an (𝑥,𝑦) position, let 𝑥෤௜ = 𝑟௜ cos(𝜃) and 𝑦෤௜ = 𝑟௜ sin(𝜃), where 𝑖 ∈ {0, 1, 2 ... 359} and 𝜃 ∈ {0°, 1°, 2° ... 359°}. Let 𝑥௦௣௔௡ = (max(𝑥෤௜) − min(𝑥෤௜)) and 𝑦௦௣௔௡ = (max(𝑦෤௜) −  min(𝑦෤௜)) . The third feature spread (𝒓𝒔𝒑𝒓𝒆𝒂𝒅)  is now 
calculated as follows 𝑟௦௣௥௘௔ௗ =  max൫𝑥௦௣௔௡ ,𝑦௦௣௔௡൯min൫𝑥௦௣௔௡ ,𝑦௦௣௔௡൯ + 𝜖  , 𝜖 ∈ ℝ , 𝜖 > 0 (1) 

Here, 𝑟௦௣௥௘௔ௗ  in (1) tries to measure the ratio of the maximum and minimum spreads 
of distances seen by the LiDAR at a particular robot (𝑥,𝑦 ) position. Also, 𝜖  is a small 
positive number used to avoid division by zero in (1). In this work, 𝜖 = 1 × 10ି଺. 

The next features, i.e., 𝜎, 𝛿, and 𝜅,  are the standard deviation (𝝈) of all the items in 𝑆,  the skewness (𝜹)  of 𝑆 , and the kurtosis (𝜿)  of 𝑆.  These statistical quantities are 
calculated using well-known standard Python libraries. The next feature, roughness (𝝆), 
is calculated as follows. 𝜌 = ଵேିଵ  ∑ (ேିଵ௜ୀ଴ | 𝑟௜ାଵ −  𝑟௜|),𝑁 = 360  (2) 

This can be thought of a measure of the local texture or clutter of the environment 
obtained by calculating the mean absolute difference of range measurements of adjacent 
beams in a LiDAR scan. 

The feature small jump rate (𝑱𝒔) detects small changes in the distance of the objects 
measured in an environment. This feature counts the number of changes in range 
measurements between adjacent beams in a LiDAR scan that exceed a selected sensitivity 
threshold 𝜂 . In this work, 𝜂  is selected to be 0.1 m . This value was chosen to be 
effectively larger than the LiDAR sensor’s intrinsic noise floor (~0.02 m) to prevent false 
positives on planar walls while remaining small enough to reliably detect structural 
features such as table legs, door frames, corners, and other small obstacles. 𝐽௦   is 
calculated as follows. Let, 𝑓(𝑥) =  ൜1, 𝑖𝑓 𝑥 >  𝜂, 𝜂 = 0.1    0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (3) 

 𝐽௦ = ଵேିଵ  ∑ 𝑓(ேିଵ௜ୀ଴ | 𝑟௜ାଵ −  𝑟௜|),𝑁 = 360 (4) 

The entropy (𝑯) feature measures the information content in a LiDAR scan. For this, 
we compute the Shannon entropy [30] over the histogram of range measurement data { 𝒓𝟎,𝒓𝟏,𝒓𝟐 … , 𝒓𝟑𝟓𝟗ሽ ∈ 𝑺. The formula is presented in (5). 

     𝐻 = −  ∑ (஻௞ୀଵ 𝑝௞ logଶ(𝑝௞)), where  (5)

𝑝௞ = 𝑐௞∑ 𝑐௝஻௝ୀଵ ,𝑘 =  1,2,⋯ ,𝐵 (6)

The histogram of the raw LiDAR range data { 𝒓𝟎,𝒓𝟏, 𝒓𝟐 … , 𝒓𝟑𝟓𝟗ሽ  is divided into a 
histogram containing 𝑩 = 𝟐𝟎 bins, with a bin width of ~ 𝟏𝟕.𝟓 𝐜𝐦 (𝟑.𝟓 (𝑳𝒊𝑫𝑨𝑹𝐦𝐚𝐱𝒓𝒂𝒏𝒈𝒆)𝟐𝟎  = 𝟎.𝟏𝟕𝟓 𝒎 ). The term 𝒑𝒌  represents the probability of range values falling into the 𝒌𝒕𝒉 
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bin. To calculate 𝒑𝒌, the ratio of the number of samples in the 𝒌𝒕𝒉 bin to the total number 
of range samples (𝒓𝒊) is used. In our case, the total number of samples is ∑ 𝒄𝒋𝑩𝒋ୀ𝟏  = 𝟑𝟔𝟎. 
A low value of 𝑯  indicates low information content in a scan 𝑺 , e.g., a uniform 
environment. But a high entropy value 𝑯  signifies high information content, e.g., a 
spatially complex area with diverse range measurements. Entropy does not directly 
provide the context related to coordinate references; instead, it serves as another criterion 
for disambiguating LiDAR scan data so that an ML model may effectively associate such 
information with robot location. It is hypothesized that this can help distinguish (𝒙,𝒚)  
coordinate pairs where only very subtle differences in the environmental geometry 
around such a point may be picked up by a LiDAR scan 𝑺. 

The large jump rate (𝑱𝒍)  works similarly to the small jump rate (𝑱𝒔), except that no 
normalization is performed, and in this case, the sensitivity threshold 𝜼 is chosen to be 𝟏 𝐦 . This feature helps to identify if there are sudden and sharp changes between 
consecutive range measurements. The exact definition is as below. 𝑓(𝑥) =  ൜1, 𝑖𝑓 𝑥 >  𝜂, 𝜂 = 1    0,             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (7) 

    𝐽௟ =  ෍𝑓(ேିଵ
௜ୀ଴ | 𝑟௜ାଵ −  𝑟௜|),𝑁 = 360 (8) 

The last feature, Fourier transform (𝓕),  represents information related to the 
discrete Fourier transform (DFT) of range measurements { 𝒓𝟎, 𝒓𝟏,𝒓𝟐 … , 𝒓𝟑𝟓𝟗ሽ in a LiDAR 
scan 𝑺. The DFT is obtained via the standard packages in Python 3.13.9. Let 𝒅 represent 
the DFT of 𝑺. Further, let the top 10 components of 𝒅 with the largest magnitude be 𝒅𝟏𝟎. 
The spread of the values in 𝒅𝟏𝟎  is calculated by using the standard deviation operator, 
and this value is used as the feature 𝓕 . All the above-mentioned eleven handcrafted 
features are represented visually in Appendix A for all three maps. 

While the raw 𝟑𝟔𝟎° LiDAR scan range data provides the granular depth resolution 
required for coordinate regression, relying solely on raw distance measurements often 
causes ML models to memorize specific range configurations rather than learning 
generalizable patterns about spatial geometries. To mitigate this, the above-mentioned 11 
explicit feature descriptors are appended to the raw LiDAR data (hereafter called hybrid 
feature representation) for the purpose of creating a dataset to train ML models. This is done 
so that a high-dimensional noisy input LiDAR scan signal is also imbued with some 
structured features that may have some semantic relationship to describe a particular (𝒙,𝒚) location with respect to its LiDAR scan. It is observed from the literature that some 
of the existing geometric or statistical feature-based localization methods often rely on 
edges, corners, or point-cloud-level geometric primitives. However, such features are 
either computationally expensive or insufficiently discriminative when two LiDAR scans 
appear similar but correspond to different physical locations. The selection of eleven 
descriptors in this paper is guided by a qualitative observation aimed at resolving 
ambiguities that arise when different physical locations produce similar raw LiDAR scans. 
It is observed from the results reported in this paper that the above appending of 11 
features to raw LiDAR data helps to form a reasonably unique fingerprint for each (𝒙,𝒚) 
location. 
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3.4. Data Preprocessing and Augmentation 

Following the description of the features in Section 3.3, this section presents details 
related to any preprocessing required prior to using LiDAR scan data to train an ML 
model. 

(1) Synthetic Data Augmentation: To improve the trained model’s generalization 
capabilities and to prevent overfitting, data augmentation is applied. Because LiDAR 
sensors deployed in real-world scenarios exhibit intrinsic measurement jitters and 
dropped packets, we attempt to simulate these effects during data augmentation. For 
every original LiDAR scan range sample, 3 augmented copies are generated, thus 
quadrupling the overall dataset size. Each augmented copy simulates one of the 
following: (i) sensor noise, (ii) random dropout, or (iii) label jittering. For the first 
item, zero-mean Gaussian noise with standard deviation 𝟎.𝟎𝟐 𝐦  is added to the 
LiDAR scan range readings; this simulates sensor noise and inaccuracy/intrinsic 
measurement jitters. For the second item, simulating the effects of dropped data 
packets and sudden temporary LiDAR scan beam failures, 2% of the original LiDAR 
scan range readings are randomly selected, and the range value for them is set to 𝟑.𝟓 𝐦  (i.e., representing maximum sensor range). Finally, for the third item, 
reference pose coordinates (𝒙,𝒚)  are slightly corrupted by adding uniformly 
distributed random noise, with values in the interval ([−𝟎.𝟎𝟎𝟐,𝟎.𝟎𝟎𝟐]) 𝐦 . This 
simulates minor uncertainties common in SLAM-generated reference pose (𝒙,𝒚) . 
Column five in Table 2 provides a detailed breakdown of augmented samples for 
each map. 

(2) Feature Normalization: To improve numerical stability and accelerate the gradient 
descent-based training convergence of ML models, the input features in the datasets 
are standardized (by calculating the Z-score) using StandardScaler from the scikit-
learn library. This transforms the feature vectors so they have zero mean and unit 
variance. 

3.5. Model Architecture and Training 

To evaluate the performance of the proposed hybrid feature representation 
approach, both classical regression models and DL models are used. The following 
classical models were implemented using the scikit-learn framework: linear regression, 
ridge regression, K-nearest neighbors (KNNs, 𝑘 = 5) and random forest (250 trees). In 
addition, three distinct deep learning architectures, ranging from simple fully connected 
networks to hybrid convolutional models, were employed in PyTorch. All models accept 
the standardized input vectors 𝑥 ∈  𝑅ଷ଻ଵ  (comprising 360 raw 2D LiDAR range 
measurements and the 11 handcrafted feature descriptors described in Section 3.3) and 
estimate the 2D pose, 𝜉መ = (𝑥ො, 𝑦ො), where 𝜉 = (𝑥,𝑦) represents the actual pose. The three 
DL models used are described below. 

(1) Multi-Layer Perceptron (MLP): A fully connected baseline deep network was 
implemented to model global nonlinear relationships in the feature space. The 
architecture consists of three hidden layers with 512, 256,  and 128  neurons, 
respectively, each followed by ReLU activation functions. Dropout with probability (𝑝 = 0.3) is applied after intermediate layers to mitigate overfitting. Then, the final 
layer outputs a 2D pose estimate 𝜉መ. 

(2) 1D Convolutional Network (Conv1D): To exploit the sequential structure of the 
LiDAR range scan, Conv1D is applied to the full 371-dimensional standardized 
input, which is treated as a 1D signal. The network consists of three convolutional 
blocks with kernel size 𝑘 = 5 and progressively increasing channel depth (1, 16, 32, 
64). Max-pooling layers with stride 2  are applied after the second and third 
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convolutional blocks to reduce the spatial resolution. The resulting feature map is 
flattened and passed through a shallow fully connected regression head to predict 
the pose 𝜉መ. This design allows the model to detect local geometric features such as 
edges and wall transitions. 

(3) Hybrid ConvMLP: A ConvMLP [31] hybrid architecture is implemented to balance 
local geometric feature extraction with global regression capacity. The model consists 
of a three-convolutional-layer front-end with kernel sizes  (7, 5, 5),  each followed by 
ReLU activation with stride 1 and padding (3, 2, 2), respectively. Two MaxPool1d 
layers with window 𝑠𝑖𝑧𝑒 =  2  are applied to down-sample the input vector size. 
Dropout with probability (𝑝 = 0.3) is applied after each pooling stage to mitigate 
overfitting. The resulting feature map is flattened and passed through an MLP head 
with two hidden layers (512 and 256 neurons). Then, the final layer outputs a 2D pose 
estimate 𝜉መ. 
All DL models were trained using the Mean Squared Error (MSE) loss function 𝐿 = ଵே  ∑ห| 𝜉 − 𝜉መ |หଶ,  where 𝜉መ is the predicted output pose and 𝜉 is the true (reference) pose. 

The Adam optimizer was used with the above MSE loss function, with a learning rate of ℒ = 1𝑒ିଷ  and a decay weight of 𝜔 = 1𝑒ିହ for regularization. Training was performed 
on a CPU for 70 epochs with a batch size of 64. The dataset was split into training and 
test sets in an 80% / 20% ratio without shuffling, ensuring that the test set represented 
robot poses that are sequentially separated from the training data. The intention of this 
kind of split is to evaluate the model’s ability to generalize to regions of the map that were 
not observed during training. From the training portion (80%), 15% of the samples were 
randomly selected to form a validation set. During model training, samples within the 
training set were randomly shuffled to prevent the model from exploiting the sequential 
nature of the trajectory data. Since the dataset consists of continuous time-based robot 
motion, adjacent samples may exhibit strong correlations that could lead the model to 
memorize trajectory patterns rather than learn the underlying spatial relationship 
between hybrid features and robot pose. The performance of each model was evaluated 
using a Root Mean Square Error (RMSE) metric, which measures the Euclidean distance 
(in meters) between predicted and reference robot positions. Based on the above-
mentioned evaluation metrics, the best-performing model was selected and used during 
inference to predict the live pose of the robot. 

3.6. Deploying Trained Models for Real-Time Pose Inference 

As the robot travels around a map for which LiDAR scan range data was collected 
for training, the live inference pipeline operates sequentially on incoming LiDAR scan 
range data. The system receives a raw LiDAR scan (𝑆௧)  at time 𝑡 . The 360 raw range 
distances are extracted, and the 11 handcrafted features mentioned in Section 3.3 are 
computed. For inference, i.e., estimating robot pose using a trained model with live 
LiDAR scan data, the features mentioned in Section 3.3 are generated from the range 
measurements at a robot position during navigation. Then, the (360 +  11) features are 
normalized as mentioned in the 2nd item in Section 3.4. The normalized vectors are passed 
through the trained network to estimate the instantaneous pose 𝜉መ௧ =  (𝑥ො௧,𝑦ො௧) at time 𝑡. 
This ML-based prediction is then immediately passed to the following augmented 
Recursive Extended Kalman Filter (REKF) to get a better-quality estimate of the robot’s 
current pose. 

3.7. Recursive Extended Kalman Filter 

To refine the noisy pose predictions from the ML models, a custom recursive EKF is 
used to denoise the estimated pose. Unlike a standard EKF that only fuses raw odometry 
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with other measurements to estimate robot pose, the proposed recursive EKF utilizes a 
recursive measurement augmentation strategy to better suppress temporal jitter. 

3.7.1. The Standard EKF 

The baseline EKF [32] maintains the state vector 𝑥෤௞ = [𝑥, 𝑦,𝜃]் . This model uses 
odometry and ML-based pose predictions as direct and independent observations of the 
robot’s position. The discretized kinematic model for a WMR is written as follows [33,34]: 

൥𝑥௞𝑦௞𝜃௞൩  =  ቎𝑥௞ିଵ + 𝑇𝑣௞𝑐𝑜𝑠(𝜃௞ ) +  𝜇ଵ௞𝑦௞ିଵ + 𝑇𝑣௞𝑠𝑖𝑛(𝜃௞) +  𝜇ଶ௞𝜃௞ିଵ + 𝑇𝜔௞  +  𝜇ଷ௞ ቏ ,𝑤ℎ𝑒𝑟𝑒 (𝑇 = 𝑡௞ାଵ − 𝑡௞)  (9) 

𝑧௞ =  ⎣⎢⎢⎢
⎡𝑧ଵ௞𝑧ଶ௞𝑧ଷ௞𝑧ସ௞𝑧ହ௞⎦⎥⎥⎥

⎤  =  
⎣⎢⎢
⎢⎢⎡𝑥௞

௢ௗ௢௠ +  ℓଵ௞ 𝑦௞௢ௗ௢௠ +  ℓଶ௞𝑥௞ெ௅ + ℓଷ௞𝑦௞ெ௅ + ℓସ௞𝜃௞௢ௗ௢௠  +  ℓହ௞⎦⎥⎥
⎥⎥⎤ ,𝑤ℎ𝑒𝑟𝑒 𝑧௞ ∈ ℝହ (10) 

The process noises 𝜇௜௞ and measurement noises ℓ௜௞ are assumed to be zero mean 
white, identically independently distributed with covariances represented via the 𝑄௞ and 𝑅௞ matrices, respectively. When using the EKF, the following matrices are calculated, as 

shown below. Let 𝑓௞(𝑥෤௞,𝜇௞) =  ቎𝑥௞ିଵ + 𝑇𝑣௞𝑐𝑜𝑠(𝜃௞ ) + 𝜇ଵ௞𝑦௞ିଵ + 𝑇𝑣௞𝑠𝑖𝑛(𝜃௞) +  𝜇ଶ௞𝜃௞ିଵ + 𝑇𝜔௞  +  𝜇ଷ௞ ቏ ; then, 𝐹௞ =  డ௙ೖ(௫෤ೖ,ఓೖ)డ௫෤ೖ  ห𝑥෤෠௞ା , 

where 𝑥෤෠௞ା is the a posteriori estimate from the EKF. Also, 𝐿௞ =  డ௙ೖ(௫෤ೖ,ఓೖ)డఓೖ =  𝑑𝑖𝑎𝑔 [1, 1, 1], 
and with 𝑣𝑎𝑟() representing the variance of the respective random variable representing 
noise; the state noise and output noise variance matrices are 𝑄௞ = 𝑑𝑖𝑎𝑔 [𝑣𝑎𝑟(𝜇ଵ),𝑣𝑎𝑟(𝜇ଶ), 𝑣𝑎𝑟(𝜇ଷ)] ,  𝑅௞ =  𝑑𝑖𝑎𝑔 [𝑣𝑎𝑟(ℓଵ), 𝑣𝑎𝑟(ℓଶ), 𝑣𝑎𝑟(ℓଷ),𝑣𝑎𝑟(ℓସ),𝑣𝑎𝑟(ℓହ)] 
respectively. Further, let ℎ௞(𝑥෤௞, ℓ௞) =  

⎣⎢⎢
⎢⎢⎡𝑥௞

௢ௗ௢௠ +  ℓଵ௞ 𝑦௞௢ௗ௢௠ +  ℓଶ௞𝑥௞ெ௅ + ℓଷ௞𝑦௞ெ௅ + ℓସ௞𝜃௞௢ௗ௢௠  +  ℓହ௞⎦⎥⎥
⎥⎥⎤ ; then, 𝐻௞ =  డ௛ೖ(௫෤ೖ,ℓೖ)డ௫෤ೖ  ห𝑥෤෠𝑘− , 

where 𝑥෤෠௞ି  represents the a priori state estimate from the EKF. And 𝑀௞ =  డ௛ೖ(௫෤ೖ,ℓೖ)డℓೖ  ห𝑥෤෠௞ି =𝑑𝑖𝑎𝑔 [1, 1, 1, 1, 1] . The matrices 𝐹௞  and 𝐻௞  are 𝐹௞  =  ൥1 00 10 0 − 𝑇𝑣௞𝑠𝑖𝑛(𝜃௞)𝑇𝑣௞𝑐𝑜𝑠(𝜃௞)1 ൩  and 𝐻௞ =
 ⎣⎢⎢⎢
⎡1 0 00100

1010
0001⎦⎥⎥⎥
⎤
, respectively. Now, the standard EKF equations can be used as follows: 

𝑃௞ ି = 𝐹௞ିଵ𝑃௞ିଵା𝐹௞ିଵ் + 𝐿௞ିଵ𝑄௞ିଵ 𝐿௞ିଵ் (11) 

𝐾௞ =  𝑃௞ି𝐻௞்(𝐻௞𝑃௞ି𝐻௞் + 𝑀௞𝑅௞𝑀௞்)ିଵ (12) 𝑥෤෠௞ି =  𝑓௞ିଵ൫𝑥෤෠௞ିଵା ,𝐾௞ିଵ, 0൯ (13) 

𝑥෤෠௞ା =  𝑥෤෠௞ି + 𝐾௞ ቀ𝑍௞ − ℎ௞൫𝑥෤෠௞ି , 0൯ቁ  (14) 

𝑃௞ ା = [(𝑃௞ି)ିଵ + 𝐻௞்𝑅௞ିଵ𝐻௞]ିଵ (15) 

The initial guess 𝒙෥෡𝟎ା  is assigned [𝒙,𝒚,𝜽]𝑻  at the initial time from the odometry-
based readings, and  𝑷𝟎ା is initialized as 𝒅𝒊𝒂𝒈 [𝟏,𝟏,𝟏]. It is also worth noting from [32] 
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that the assumptions of the statistical properties of noise are easily relaxable, and any 
specific distribution is not strictly necessary for the results related to state estimation using 
KFs to hold. 

3.7.2. The Proposed Augmented Recursive EKF 

To address the high-frequency temporal jitter (noise) in the predicted output pose 
obtained from the ML models, the augmented recursive EKF architecture below is 
proposed. While most of the items defined above for the standard EKF remain the same, 
the measurement vector 𝒛𝒌 is augmented as follows. 

𝑧௞ =  
⎣⎢⎢
⎢⎢⎢
⎢⎡𝑧ଵ௞𝑧ଶ௞𝑧ଷ௞𝑧ସ௞𝑧ହ௞𝑧଺௞𝑧଻௞𝑧଼௞𝑧ଽ௞⎦⎥⎥

⎥⎥⎥
⎥⎤  =  

⎣⎢⎢
⎢⎢⎢
⎢⎢⎢
⎢⎡ 𝑥௞௢ௗ௢௠ +  ℓଵ௞ 𝑦௞௢ௗ௢௠ +  ℓଶ௞𝑥௞ெ௅ + ℓଷ௞𝑦௞ெ௅ + ℓସ௞0.5(𝑥௞௢ௗ௢௠ + 𝑥෤෠௞ଵା) + ℓହ௞0.5(𝑦௞௢ௗ௢௠ + 𝑥෤෠௞ଶା) + ℓ଺௞𝑧௫̅௞ +  ℓ଻௞𝑧௬̅௞ +  ℓ଼௞ 𝜃௞௢ௗ௢௠  +  ℓଽ௞ ⎦⎥⎥

⎥⎥⎥
⎥⎥⎥
⎥⎤

,𝑤ℎ𝑒𝑟𝑒 𝑧௞ ∈ ℝଽ. (16) 

In the above equation, 𝒙෥෡𝒌𝟏ା and 𝒙෥෡𝒌𝟐ା denote the aposteriori estimates of the robot’s 𝒙,𝒚  position coordinates as obtained by the standard EKF process. Also, 𝒛ത𝒙𝒌  = 𝟏𝑵𝒘 ∑ 𝒛𝟓𝒊𝒌𝒊ୀ𝒌ି𝑵𝒘 ,𝒌 ≥ 𝑵𝒘,  and 𝒛ത𝒚𝒌  =  𝟏𝑵𝒘 ∑ 𝒛𝟔𝒊𝒌𝒊ୀ𝒌ି𝑵𝒘 ,𝒌 ≥ 𝑵𝒘. Please note that for 𝟏 < 𝒌 ≤𝑵𝒘 , 𝒛ത𝒙𝒌 =  𝒙𝒌𝒐𝒅𝒐𝒎  and 𝒛ത𝒚𝒌 =  𝒚𝒌𝒐𝒅𝒐𝒎 . The point of augmenting the 𝒛𝒌  vector shown 
above is as follows. The first four components are the same as the standard EKF. The next 
two items (5, 6) construct readings for the 𝒙 and 𝒚 position coordinates by averaging the 
respective odometry readings and the respective standard EKF state estimates. This serves 
as an immediate smoothing operation of any jitter in the state estimates, which also 
considers readings from odometry. Further, components 7 and 8 smooth the readings in 
the 5th and 6th components by using a moving average of window size 𝑵𝑾 . This 
incorporates a further smoothed version of the readings in components 5 and 6 into the 
output vector. Element 9 of 𝒛𝒌 is the yaw angle obtained from odometry. The aim is that 
incorporating such repeated data about the 𝒙,𝒚 coordinates from several sources, and 
using several different smoothing techniques with different lags, should allow this 
recursive EKF to produce smoother estimates of the 𝒙,𝒚 position compared to both ML-
based inferencing, and ML-based inferencing results passed through a standard EKF. 

𝐻௞ =  
⎣⎢⎢
⎢⎢⎢
⎢⎡1 0 001010100

10101010

00000001⎦⎥⎥
⎥⎥⎥
⎥⎤
 (17) 

In this work, for the window size 𝑵𝑾 = 𝟏𝟎 and corresponding to 𝒛𝒌, the matrix 𝑯𝒌 
used for the recursive EKF is as shown in equation (17). 

4. Experimental Evaluation 
The methodology described in the above section is tested using the setup and 

experiments as described further. Additionally, a complete demonstration of the 
proposed method, including system setup, teleoperation, data collection, preprocessing, 
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model training, and real-time inferencing, is provided as Supplementary Materials Video 
S1. 

4.1. System Setup and Implementation 

The experimental evaluation is conducted using a Turtlebot3 Burger mobile robot. 
The robot itself and the remote workstation (Intel core i7, 16 GB RAM), which connects to 
the robot, use ROS2 (Humble). The robot is remotely operated by manually issuing 
motion commands during both the data collection and testing phases. To ensure a direct 
performance comparison between different pose estimation approaches, all the 
processing for pose estimation in this work (ML-based, EKF-based, ROS2 Cartographer-
based, or AMCL-based) is done on the same workstation. Please note that once the ML-
based model is ready, it can be deployed for ML-based pose estimation directly on the 
onboard Raspberry-Pi of the Turtlebot3 Burger mobile robot because the inferencing 
operation is not computationally resource-intensive; such direct on-robot deployment of 
the entire localization approach is left for future efforts, with the current deployment 
clarified below. 

For the purposes of this work, as mentioned above, the inference engine is 
implemented as a standalone ROS2 node on the workstation. This inferencing node 
subscribes to the LiDAR sensor topic /𝑠𝑐𝑎𝑛 with a “Best-Effort” Quality of Service (QoS) 
profile. During inference, this node processes incoming laser scans through the feature 
extraction pipeline, executes the forward pass of the neural network, and publishes the 
predicted pose estimates to a custom topic (/𝑙𝑜𝑐𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛_𝑒𝑣𝑎𝑙) for analysis. To validate 
performance, the system synchronously listens to the (/𝑡𝑓) transform tree provided by 
the Cartographer SLAM backend, allowing for immediate comparison between the ML 
prediction and the SLAM-generated reference pose. Also, the ML-predicted pose outputs 
are passed through the above-mentioned standard and augmented recursive EKFs to 
generate different smoothed versions of the ML-predicted pose output. A similar topic 
configuration is utilized during the data collection phase to generate the reference pose 
labels for training. It is important to note that the Cartographer SLAM poses used during 
the data collection serve as reference labels for supervised training and contain both high-
frequency noise and small drift. However, the augmented recursive EKF applied during 
inference counters such effects. Any systematic bias present in the SLAM trajectory simply 
sets a lower bound on achievable accuracy. This is because the model is trained using 
SLAM-based reference poses; thus, it learns to approximate the SLAM trajectory and 
cannot outperform the accuracy of the labels it is trained on. This does not cause any 
generalization issues for the proposed methodology, as the model primarily learns a 
mapping between LiDAR data geometry and planar pose. Further, if there are any indoor 
beacon-based systems available, then data from such systems can be used during the 
training phase to provide reference pose labels instead of using the SLAM-based reference 
labels. This has the potential to improve accuracy further. 

4.2. Testing Protocols and Environments 

To ensure a comprehensive evaluation, the system was tested across the three distinct 
environments (Maps 1, 2 and 3, as shown in Figures 3, 4 and 6, respectively), as detailed 
in Section 3.1. These environments represent scenarios ranging from feature-sparse open 
spaces, as in Map 1, narrow corridors with junctions, as in Map 2, and clutter-dense real-
life laboratory settings with irregular obstacles, as in Map 3. 

4.2.1. Benchmarking 

For rigorous testing, the proposed ML-based localization approach is evaluated 
against the following four localization techniques: wheel odometry, which is purely a 
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dead-reckoning-based method; Adaptive Monte Carlo Localization (AMCL), which 
represents the performance of a classical particle filter; a standard Extended Kalman Filter 
(EKF); and the proposed recursive EKF. 

4.2.2. Experimental Protocol 

Before the experimental protocols are executed, it is important to pick the best ML-
based pose estimation technique from those mentioned in Section 3.5. Prior to such a 
comparison of the proposed ML-based techniques, the effectiveness of the proposed 
features was examined. This was done by performing a feature importance analysis using 
the random forest technique with LiDAR-based pose estimation and an ablation study 
using the hybrid features. The associated results are available in Figures 8–11.  

Then, the testing protocol included moving the robot in three distinct maps, in 
different paths. These are shown in Figures 12–14. The first path shown in Figure 12 looks 
approximately like the number 6. Figure 13 shows an L-shaped path in an L-shaped map, 
and Figure 14 shows a closed path in the third map, which is the actual lab setting. All 
three types of paths mentioned were tested in each map. Additionally, to account for 
system latency and sensor noise and to observe average performance across multiple 
similar trajectories, the robot was driven on Path1 for five separate trials with Map1. The 
metrics for all the above-mentioned tests are presented further in the paper. Furthermore, 
while the robot navigated during any one of the above-mentioned experiments, all the 
sensor data was saved to an ROS2 bag. When comparing with other approaches like 
AMCL, the ROS2 bag data was replayed, and the pose estimates were constructed using 
AMCL and the proposed ML-based techniques. The ROS2 bag data includes the robot’s 
raw sensor streams, i.e., LiDAR, odometry, transform (TF) data, timestamps, and 
cartographer SLAM-based reference pose estimates. Such data were also recorded during 
manual teleoperation and replayed offline for comparison. 

Beyond testing standard navigation, the robustness of the proposed methodology 
was evaluated using a “kidnapped robot” test. In this scenario, the robot was 
instantaneously displaced physically to an unknown location without updating the 
robot’s internal states. The proposed ML-based pose estimation system was evaluated 
based on its ability to successfully re-localize the robot solely based on the incoming 
LiDAR data so that the updated pose estimates of the robot quickly converge to the 
expected reference pose estimates. 

 

Figure 8. Localization accuracy comparisons between traditional and deep learning models. 
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Figure 9. Training and validation loss curves of ConvMLP models for three maps. 

 

Figure 10. Handcrafted feature importance analysis for pose prediction across three maps; raw 
LiDAR scan range data might suffer from aliasing. 

 

Figure 11. Impact of different input feature modalities on pose prediction. 
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(a) (b) 

Figure 12. Map1 (Path1): (a) localization comparison using SLAM, odometry, AMCL, the 
proposed ConvMLP method, and recursive EKF; (b) localization comparison using SLAM, 
standard EKF, and augmented recursive EKF. 

 
(a) (b) 

Figure 13. Map2 (Path2): (a) localization comparison using SLAM, odometry, AMCL, the proposed 
ConvMLP method, and recursive EKF; (b) localization comparison using SLAM, standard EKF, and 
augmented recursive EKF. 

 
(a) (b) 

Figure 14. Map3 (Path3): (a) localization comparison using SLAM, odometry, AMCL, proposed 
ConvMLP method, and augmented recursive EKF; (b) localization comparison using SLAM, 
standard EKF, and recursive EKF. 



Appl. Sci. 2026, 16, 7718 20 of 34 
 

https://doi.org/10.3390/app16157718 

5. Experimental Evaluation and Results 
The following subsections first present results related to comparing the ML models 

used for robot localization based on LiDAR range data. The motivation behind comparing 
the performance of such ML models is to select the best model so that only the best model 
is deployed on the real-life hardware for robot localization. Then, the importance of each 
of the 11 features mentioned in Section 3.3 is analyzed. Further, the effect of only using 
LiDAR data, only using the 11 features, or performing ML-based localization when 
LiDAR data and the 11 features mentioned in this work are used (i.e., hybrid feature 
representation) is compared. 

5.1. Performance Comparison of ML Models 

To identify the optimal ML model architecture, the localization performance of the 
following ML models is evaluated. Four traditional regression models (linear, ridge, KNN 
and random forest) and three DL-based models (MLP, Conv1D and ConvMLP) are 
compared. To compare these models, actual LiDAR data and the reference pose are 
collected in the three maps, as described in Section 3. The LiDAR and reference pose data 
collected for each of the three maps, as shown in Figures 3, 4 and 6; is split for training, 
validation and testing, as described in Section 3.5. The results of the testing, i.e., predicting 
robot (𝑥,𝑦) coordinates when the trained model is given an unknown test set of LiDAR 
scan range data, are summarized in Figure 8. The linear, ridge, and KNN regression 
models clearly underperformed in Maps 2 and 3, exhibiting average RMSE values >  0.45 
m. Similarly, for Map1, these three models had average RMSE values >  0.25 m. On the 
other hand, the MLP and Conv1D models showed average RMSE values >  0.25 m for 
Maps 2 and 3 and average RMSE values around 0.15 m and 0.14 m, respectively, for Map1. 
Random forest showed an average RMSE around 1.43 m for Map3, around 0.48 m for 
Map2, and around 0.16 m for Map1. The overall best performance is shown by ConvMLP 
with average RMSE values around 0.71 m for Map3, 0.25 m for Map2 and around 0.13 m 
for Map1. The performance gaps between MLP, Conv1D and ConvMLP are very small. 
However, ConvMLP performed better than the rest of the models overall and had the best 
performance in Map3, which is the real-life lab environment. 

Although ConvMLP outperformed the other models, the performance of the random 
forest model is close to ConvMLP in Map1. So, in Section 5.2, we analyze the importance 
of the 11 features using random forest. Note that all further sections after this section 
report results using the best-performing model, i.e., ConvMLP, as identified above. 

To further analyze the training behavior of the selected ConvMLP model, the training 
and validation loss curves for the three maps are shown in Figure 9. The models were 
trained using the MSE loss function, as described in Section 3.5, for 70 epochs. At the 
beginning of training (epoch 0), the models exhibit relatively high loss values, with the 
training MSE (RMSE) starting at approximately 𝟎.𝟎𝟓𝟎𝟓𝟑 𝐦𝟐 (𝟎.𝟐𝟐 𝐦) , 𝟎.𝟎𝟓𝟖𝟓𝟑 𝐦𝟐 (𝟎.𝟐𝟒 𝐦) , and 𝟏.𝟗𝟎𝟐𝟖𝟖 𝐦𝟐 (𝟏.𝟑𝟕 𝐦)  for Maps 1, 2, and 3, respectively, 
while the validation MSE (RMSE) begins at approximately 𝟎.𝟎𝟐𝟖𝟓𝟕 𝐦𝟐 (𝟎.𝟏𝟔 𝐦) , 𝟎.𝟎𝟑𝟖𝟐𝟑 𝐦𝟐 (𝟎.𝟏𝟗 𝐦), and 𝟏.𝟎𝟔𝟓𝟎𝟎 𝐦𝟐 (𝟏.𝟎𝟑 𝐦) for Maps 1, 2, and 3, respectively. As 
the model training progresses, in all three maps, both the training and validation losses 
decrease rapidly, indicating that the model quickly learns the relationship between hybrid 
features and robot pose. Then, after approximately 40–50 epochs, the loss values gradually 
stabilize, indicating convergence of the model parameters. By the end of training (epoch 
70), the MSE (RMSE) losses reduce to approximately 𝟎.𝟎𝟎𝟎𝟏𝟎 𝐦𝟐 (𝟎.𝟎𝟏 𝐦) , 𝟎.𝟎𝟎𝟎𝟏𝟎 𝐦𝟐 (𝟎.𝟎𝟏 𝐦) , and 𝟎.𝟎𝟎𝟏𝟕𝟎 𝐦𝟐 (𝟎.𝟎𝟒 𝐦)  for training and approximately 𝟎.𝟎𝟎𝟎𝟐𝟕 𝐦𝟐 (𝟎.𝟎𝟏 𝐦) ,  𝟎.𝟎𝟎𝟎𝟑𝟓 𝐦𝟐 (𝟎.𝟎𝟏 𝐦) , and 𝟎.𝟎𝟎𝟑𝟔𝟎 𝐦𝟐 (𝟎.𝟎𝟔 𝐦)  for 
validation in Maps 1, 2, and 3, respectively. The small gap between the training and 
validation losses indicates that the model does not overfit the training data and maintains 
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consistent performance on unseen samples from the validation set. Map 3 exhibits higher 
loss values compared to Map1 and Map2 due to the increased structural complexity of the 
real laboratory environment. Overall, the consistent convergence behavior across all three 
maps demonstrates stable training of the ConvMLP model. 

It should be noted that the validation set consists of randomly sampled data from the 
training dataset, representing spatial regions that are close to those observed during 
training. In contrast, the test sets described in Section 3.5 contain trajectory segments that 
were not included in the training data. Therefore, the reported test RMSE values of the 
ConvMLP model for all three maps, as shown in Figure 8, reflect the model’s ability to 
localize the robot’s pose in previously unseen spatial regions of the map, which represents 
a more realistic deployment scenario. 

5.2. Feature Importance Analysis 

To observe the effect of each of the 11 proposed handcrafted feature descriptors 
mentioned in Section 3.3, random forest’s built-in feature importance analysis is used by 
measuring mean decrease impurity (MDI). As illustrated in Figure 10, the analysis reveals 
the distinct tiers of feature relevance. The most critical feature descriptor is the minimum 
distance (𝒅𝒎𝒊𝒏), which takes the leading role in the model’s decision-making ability. This 
highlights that proximity to the nearest obstacle plays an important role in this work. In 
contrast, the spread (𝒓𝒔𝒑𝒓𝒆𝒂𝒅), kurtosis (𝜿), and maximum distance (𝒅𝒎𝒂𝒙) features have 
low contribution in all the three maps. All the other features have some contribution for 
the case of every map, but the feature contributions vary with respect to map type. The 
reason for using so many features in addition to the LiDAR scan range data is that such 
features may disambiguate geometrically similar areas, such as identical hallways or 
corridors, by reducing false positives and improving generalization to unseen poses.  

5.3. Feature Ablation Study 

To empirically validate the architectural design of the ConvMLP model, an ablation 
study was conducted on all three maps by comparing the model performance across three 
input feature modalities: (i) 11 proposed handcrafted feature descriptors (as in Section 3.3) 
only, (ii) raw LiDAR scan range data only, and (iii) hybrid features (11 handcrafted feature 
descriptors along with LiDAR scan range data). As illustrated in Figure 11, when the 
model inputs are only the 11 handcrafted features, the ConvMLP model performed at its 
worst (RMSE = 0.34 m for Map1, RMSE = 0.27 m for Map2, and RMSE = 1.65 m for Map3). 
When only raw LiDAR scan range data is used, the ConvMLP model achieved 
significantly better accuracy (RMSE = 0.24 m for Map1, RMSE = 0.26 m for Map2, and 
RMSE = 1.22 m for Map3). The hybrid approach achieved the best performance (RMSE = 
0.13 m for Map1, RMSE = 0.25 m for Map2, and RMSE = 0.71 m for Map3). This shows that 
the raw scans provide the necessary high-resolution data, while the 11 handcrafted 
features act as a high-level spatial anchor. 

5.4. Computational Efficiency and Performance Analysis 

If a localization system is to be used as a fallback safety system in case the main 
localization system becomes inoperative, it helps if such a localization system is 
computationally lightweight so it can run on relatively resource-constrained 
computational platforms/embedded hardware or on small WMRs. To check this, the 
runtime computational performance of the proposed ConvMLP-based localization 
method is compared against the following methods: (i) AMCL, (ii) ROS2 Cartographer 
SLAM, and (iii) odometry. The results of the computational performance of these 
algorithms are summarized in Table 3. As mentioned in Section 4.1, the same workstation 
on which the proposed ConvMLP model is tested is also used to compare the 
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computational performance of all the algorithms mentioned. The proposed ConvMLP-
based method demonstrates superior performance by achieving a mean total latency of 
3.5 ms per scan, corresponding to an update rate of ~280 Hz. Detailed profiling of total 
latency (3.5 ms) is divided into three categories: the geometric feature extraction during 
inference time consumes 0.86 ms, scaling the features takes 0.08 ms, and the model 
inference, i.e., the forward pass of the inputs through the model and predicting the (𝑥,𝑦) 
coordinates of the robot, requires 2.56 ms. This shows the proposed system provides near-
instantaneous pose regression. 

As visible in Table 3, the proposed method is many times faster than the existing 
AMCL method, which has an update rate of ~0.45 Hz. The ROS2-based Cartographer 
SLAM has an update rate of ~41 Hz for localization, whereas the odometry-based 
localization has a ~20 Hz update rate. Note that the reported runtime performance was 
measured on an Intel i7 CPU workstation, as mentioned earlier. This comparison is 
meaningful because all baseline methods were evaluated under identical CPU-only 
conditions, allowing a fair relative assessment of computational efficiency. Although 
absolute latency might be higher on low-cost embedded platforms, the proposed method 
has a lightweight model, requiring no GPU, and is one step away from full deployment 
of the proposed pipeline onboard embedded robotic hardware, as planned in future work. 
Further, as shown in Table 3, the performance enhancement of the proposed method has 
a trade-off in terms of memory utilization. However, given the size of current-day 
onboard memory modules on low-cost embedded platforms, such a trade-off is a worthy 
investment to get a faster update rate for localization, without requiring any beacon-based 
infrastructure alterations for an indoor localization system. Note that the ~220 MB 
memory requirement of the proposed method includes all the PyTorch and Python 
runtime libraries. But the actual trained ConvMLP model file size is extremely compact 
(13 MB). This confirms the feasibility of deploying the model as a lightweight fallback 
localization method on resource-constrained platforms by replacing the runtime libraries 
with more memory-efficient C++ equivalents [35]. Additionally, as shown in Table 3, the 
CPU utilization of the proposed ConvMLP method is comparable to ROS2 Cartographer 
SLAM. There are, however, DL-based methods that use images, LiDAR data from several 
datasets, and trained large models [36]. While such methods may produce lower 
localization RMSE; corresponding metrics related to training dataset size, training time, 
computation time, memory requirements, or localization update rate are usually not 
available [37–41]. 

Table 3. Computation performance of localization methods. 

Methods Update Rate (Hz) CPU Utilization (%) Memory (MB) 
Proposed ConvMLP, 

LiDAR-based 
Localization 

~280 ~3–5% ~220 

AMCL ~0.45 ~7–10% ~140 
Cartographer SLAM ~41 ~3% ~50 

Odometry ~20 <1% ~10 

5.5. Trajectory Analysis and Accuracy 

To validate the localization capability of the proposed ConvMLP localization 
method, extensive trajectory tracking experiments on the three distinct indoor 
environments shown in Section 3.1 are performed. The experiments compare localization 
results using the proposed ConvMLP method, AMCL, odometry, standard EKF, and the 
proposed recursive EKF. Note that AMCL and odometry are considered as standard 
baselines, and ROS2 Cartographer SLAM is used as a reference pose for all comparisons. 
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The input to the standard EKF and the proposed augmented recursive EKF are (𝑥, 𝑦,𝜃) 
from odometry and (𝑥, 𝑦) estimates from the ConvMLP method, as described in Section 
3.7. The overall comparison results are summarized in Tables 4–6. Prior to this, the results 
are presented following the experimental protocols described in Section 4.2.2. Trajectory 
tracking performance is first examined for representative paths (Map1:Path1, Map2:Path2, 
Map3:Path3) and displayed by plotting pose estimates from the proposed ConvMLP 
method, odometry, AMCL, the proposed augmented recursive EKF and reference pose, 
all plotted together for comparison, as shown in Figures 12a, 13a and 14a, respectively. 
Similarly, Figures 12b, 13b and 14b display the estimated pose trajectories of the standard 
EKF and proposed augmented recursive EKF for all three cases (Map1: Path1, 
Map2:Path2, Map3:Path3). These results, using all the above-mentioned techniques, are 
also presented in Table 4. The baseline set of techniques chosen to evaluate this work was 
selected because they are readily reproducible, can be executed under identical CPU-only 
conditions, and are similar to direct pose regression approaches. In contrast, descriptor-
based LiDAR methods, such as ICP/NDT, Scan Context or any learning-based methods, 
either require map matching or GPU-accelerated feature extraction, which itself makes 
them hard to replicate. For these reasons, the chosen baseline techniques (odometry, 
AMCL, Cartographer SLAM, EKF variants) represent practical, widely used fallback 
localization modules suitable for resource-constrained robotic/small desktop localization 
system deployment. 

Additionally, for Map1, five ConvMLP-based localization test runs are carried out by 
moving the robot along Path1. This is done to verify the repeatability of localization 
performance in a given map, for the same path, with the results shown in Table 5. To 
rigorously test ConvMLP-based localization performance across all three paths in all three 
maps, the robot is run along each of the three paths in each map, and the localization 
results are cataloged in Table 6. In Tables 4–6, the following metrics are used to compare 
the localization performance: (i) Root Mean Square Error (RMSE), (ii) Mean Average Error 
(MAE), (iii) Maximum Error (this represents the maximum localization error per run), and 
iv) standard deviation of error. Further note that localization error here means the distance 
between the reference position at a point and its ConvMLP-based estimate. 

Finally, tests are also performed using a kidnapped robot scenario in Map2. Such a 
scenario represents a case where a robot is forcibly displaced from its trajectory and placed 
in an entirely different location. 

Table 4. Performance of different localization methods across maps (Map1: Path1, Map2: Path2, 
Map3: Path3). 

Localization 
Method 

MAP, 
PATH 

RMSE (m) MAE (m) Max Error (m) Standard 
Deviation (m) 

Odometry 

Map1, 
Path1 

0.279 0.224 0.583 0.167 

Map2, 
Path2 

0.521 0.410 0.982 0.254 

Map3, 
Path3 

0.785 0.682 1.274 0.369 

AMCL 

Map1, 
Path1 

0.442 0.692 1.178 0.268 

Map2, 
Path2 

0.612 0.554 1.350 0.381 

Map3, 
Path3 

0.833 0.630 1.514 0.439 
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Proposed 
ConvMLP, 

LiDAR-based 
Localization  

Map1, 
Path1 

0.131 0.104 0.341 0.062 

Map2, 
Path2 0.253 0.186 0.451 0.146 

Map3, 
Path3 0.717 0.511 1.32 0.277 

Standard EKF 

Map1, 
Path1 

0.141 0.123 0.459 0.070 

Map2, 
Path2 

0.198 0.165 0.620 0.112 

Map3, 
Path3 

0.268 0.220 0.979 0.153 

Augmented 
Recursive EKF 

Map1, 
Path1 

0.050 0.040 0.150 0.025 

Map2, 
Path2 0.082 0.065 0.240 0.045 

Map3, 
Path3 0.060 0.047 0.216 0.029 

Table 5. Map1 (Path1): 5 runs on the same path, performance with ConvMLP only (no EKF). 

Metrics Proposed ConvMLP, LiDAR-Based 
Localization  

Average 

No. of Runs N1 N2 N3 N4 N5  
RMSE (m) 0.131 0.129 0.135 0.128 0.132 0.131 
MAE (m) 0.104 0.101 0.108 0.099 0.106 0.104 

Max Error (m) 0.341 0.335 0.352 0.320 0.345 0.341 
Standard Deviation (m) 0.062 0.060 0.065 0.059 0.063 0.062 

Table 6. Performance of the DL-based LiDAR localization method across 3 paths in 3 maps, with 
ConvMLP only (no EKF). 

Metrics Proposed ConvMLP, LiDAR-Based Localization 
Maps Map1 Map2 Map3 
Paths Path1 Path2 Path3 Path1 Path2 Path3 Path1 Path2 Path3 

RMSE (m) 0.131 0.134 0.129 0.277 0.253 0.333 0.907 0.802 0.717 
MAE (m) 0.104 0.110 0.094 0.207 0.186 0.248 0.711 0.657 0.511 

Max Error (m) 0.341 0.365 0.314 0.520 0.451 0.548 2.325 1.878 1.32 
Standard Deviation (m) 0.062 0.075 0.068 0.302 0.125 0.179 0.477 0.503 0.277 

5.5.1. Localization Accuracy Across Three Maps, with Different Paths 

Figure 12 shows the localization results when the robot traverses a number-6-like path in 
Map 1. As seen in Figure 12a, the raw wheel odometry (cyan dashed lines) begins to drift after 
the first turn, deviating from the reference pose (black line). Localization via AMCL (green 
dotted line) generally tracks the path but exhibits small oscillatory drifts. In contrast, the 
proposed ConvMLP method-based localization results (red dots) cluster around the true path. 
Figure 12b highlights the localization performance improvements made possible by 
integrating different EKFs following the ConvMLP stage. When a standard EKF (yellow dash–
dot line) is used to fuse odometry readings with ConvMLP estimates, the resultant localization 
estimates show a smoother trajectory compared to ConvMLP alone, but it still suffers from 
errors. In contrast, the proposed augmented recursive EKF (blue solid line) fuses a different 
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set of augmented readings with the ConvMLP estimates, as mentioned in Section 3.7.2, and 
the localization estimates closely follow the reference. 

Figure 13 shows the results of running the robot in an L-shaped trajectory within Map 2. 
The colors and line styles used for different localization methods are exactly the same as 
mentioned for Figure 12. In Figure 13a, the odometry drift is clearly observed over the longer 
path length. The proposed ConvMLP method remains robust, providing consistent trajectory 
prediction that resembles the reference path, although jitter in the pose estimates is observed. 
Figure 13b again confirms the benefits of fusing ConvMLP estimates with odometry via the 
standard and augmented recursive EKFs. The proposed augmented recursive EKF maintains 
superior tracking accuracy compared to the standard EKF when used in combination with the 
ConvMLP approach. 

The map shown in Figure 14 represents a more complex, cluttered environment with 
larger dimensions and with comparatively less LiDAR range (room dimensions are 7 𝑚 ×  7 𝑚 , but the LiDAR range is only 3.5 𝑚 ). Figure 14a reveals that the ConvMLP 
predictions show increased variance due to the challenging environment. The proposed 
augmented recursive EKF successfully fuses odometry data with ConvMLP estimates and 
filters such noisy localization estimates (Figure 14b). This results in a smooth trajectory that 
significantly outperforms both the standard EKF and direct ConvMLP-based estimation. This 
shows that the combination of the proposed ConvMLP method with the proposed recursive 
EKF has the potential to be used not only as a fallback localization approach but also effectively 
as a primary localization method in indoor/GPS-denied environments, where odometry 
readings and feature-rich raw LiDAR scan data are available. 

The visual results in Figures 12–14 are supported by the quantitative metrics summarized 
in Table 4. Note that Table 4 compares all of the localization methods on representative paths 
for each map. The proposed augmented recursive EKF achieves the lowest RMSE across all 
maps, with a value of 0.050 m for Map1:Path1, compared to 0.141 m for the standard EKF and 
0.442 m for AMCL. Even in the challenging Map3: Path3 scenario, the proposed augmented 
recursive EKF maintains an RMSE of 0.060 m, demonstrating its ability to robustly fuse noisy 
ConvMLP-based predictions with odometry data for a precise state estimate. Based on this, 
the combination of ConvMLP-based localization with the augmented recursive EKF is 
considered the best result. The results presented in Table 4 are visually summarized in Figure 
15. As clearly shown in Figure 15, the proposed ConvMLP method alone already performs 
better than both odometry and AMCL. However, the performance of the ConvMLP method 
increases even further when combined with a state estimator, with the proposed augmented 
recursive EKF clearly outperforming the others. To further probe the quality of the ConvMLP-
based method, the following results are presented. 

 

Figure 15. Performance of different localization methods across maps. 
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5.5.2. Localization Repeatability Assessment 

To verify the performance of the proposed ConvMLP method only (without further 
passing ConvMLP estimates through any filter/state estimator), the robot was made to 
follow Path1 in Map1 five times. The localization results for these five runs are as detailed 
in Table 5. As shown in Table 5, the proposed ConvMLP method demonstrated high 
repeatability, with the Root Mean Square Error (RMSE) fluctuating minimally around a 
mean of 13 cm in (~3 mଶ) of the Map1 area. The Mean Absolute Error is around 10 cm. 
The worst-case scenario observed includes an approximately 34 cm maximum localization 
error. The ~6 cm average standard deviation implies that the proposed ConvMLP 
method’s performance is relatively consistent. 

To further assess the robustness of the proposed ConvMLP method against varying 
environmental geometries and trajectory shapes, the method is evaluated across three 
distinct maps (Map1–3), each tested with three unique path configurations (Path1–3), as 
discussed in Section 4.2.2. The results are summarized in Table 6. Map1 generally shows 
better results overall because of its small area, and this is advantageous for the low-range 
LiDAR onboard the Turtlebot3 Burger. As the sizes of the maps increase relative to the 
LiDAR range, or as the map path shapes become more complicated, the RMSE, MAE, Max 
Error, and standard deviation all show corresponding small increases. 

5.6. Kidnapped Robot Recovery Analysis 

To evaluate the system’s utility as a fail-safe mechanism, a “kidnapped robot” 
scenario is simulated as a stress test for localization algorithms. During robot traversal in 
Map 2, the robot is manually lifted from coordinates (1.3, 0.8) (marked by the X in Figure 
16) and placed at a new location inside Map 2, i.e., coordinates (1.8, 2.3) (marked by a 
purple triangle mark in Figure 16). Also, the robot traverses in a straight line after drop-
off (shown by the dashed purple line). As shown in Figure 16a, AMCL, odometry, and 
ROS2 Cartographer SLAM fail completely, where wheel odometry (cyan curve) continues 
to integrate motion from the old (pre-kidnap) location because it is unaware of the 
displacement. AMCL (green dotted line) shows behavior similar to odometry, but with 
some corrective action. This is because, as noted by [42,43], classical particle filters struggle 
during sudden displacements, often requiring a robot to move significantly before the 
filter can recover. Similarly, Refs. [44,45] highlight that without expensive re-initialization 
or an external sensor aid, LiDAR-based particle filters behave poorly in kidnap recovery 
scenarios. In sharp contrast, the ConvMLP-based method proposed (red dots) 
immediately appears at the correct drop-off zone (1.8, 2.3). This is because the proposed 
method relies on LiDAR-based fingerprinting for prediction and infers pose solely from 
such a geometric signature in a map, independent of motion history. Thus, it successfully 
estimates the new location in a single inference step (~3.5 ms inference time). 
Consequently, the proposed augmented recursive EKF (blue dashed line in Figure 16b) 
can reject the false odometry data and snap to the correct pose estimate, resuming accurate 
tracking within seconds. It is observed that AMCL, odometry, and SLAM fail to estimate 
the robot’s position following the drop-off location, even minutes after the robot was 
dropped off. When these localization algorithms are left continuously running, it is 
observed that their localization estimates become progressively worse with time. 

While the kidnap start location is easily available from the Cartographer SLAM-
based reference pose data, the following is worth mentioning regarding finding the post-
kidnap drop-off location. In a run prior to the kidnap robot test, the robot is manually  
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Figure 16. Map2: (a) trajectory comparisons during a kidnapped-robot event; (b) trajectory 
comparisons between filters. 

moved to the drop-off location and then moved along the trajectory after drop-off at a known speed. 
The corresponding reference positions reported by ROS2 Cartographer SLAM are noted. The 
physical drop-off location and the path after drop-off are manually marked on the physical Map2 
floor for re-use during the kidnap robot test. 

6. Conclusions 
This research work was motivated by the need for a lightweight and computationally 

efficient localization method that can operate either as a primary pose estimator on 
resource-constrained systems or as a reliable fallback mechanism when classical 
localization fails. To address this gap, this work introduced a hybrid feature 
representation that combines 1D raw LiDAR scan range data with eleven handcrafted 
geometric descriptors, enabling a ConvMLP model architecture to learn essential 
environment-specific spatial signatures for pose prediction. The proposed model achieves 
a ~280 Hz update rate (~3.5 ms inference latency) with a 13 MB sized, trained ConvMLP 
model. This makes it suitable for real-time deployment on low-cost platforms. This 
efficiency is particularly valuable for a fallback localization method, where rapid and 
stable pose estimates are required to keep the robot operational during failures of the 
primary localization system without imposing additional computational load on the 
robot. Additionally, the kidnapped robot experiment directly validates the motivation for 
fallback localization in this work. While AMCL/SLAM/odometry-based localization 
methods failed to recover after pose discontinuities, the proposed method produced 
instant and stable pose estimates, demonstrating its clear advantage in scenarios where 
the primary localization pipeline collapses. 

The method was evaluated across three distinct indoor environments, including a 
cluttered laboratory, to demonstrate robustness under different operating conditions. The 
hybrid feature representation proved its effectiveness in disambiguating similar regions 
by providing unique geometric feature fingerprints across robot poses. The ConvMLP 
model achieves a 13 cm RMSE; then, the integration of a custom-configured recursive 
augmented Extended Kalman Filter (EKF) along with the proposed ConvMLP-based 
method further reduces the RMSE to 5 cm. The advantage of the proposed method over 
particle filter/SLAM-based methods is that it does not need an explicit map to run 
localization; it just needs a reference pose, along with a LiDAR scan at such a pose, to learn 
the relevant features for localization in a given environment. 
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A limitation of the proposed method is that the trained model assumes a mostly static 
indoor environment during both mapping and deployment. Significant structural 
changes and dynamic changes, such as moving people, temporary occlusions, and 
obstacle displacements, in a map alter the hybrid feature fingerprint. This can increase 
pose estimation error. However, this can be easily compensated by gathering updated 
LiDAR data in a quick automated training run in the new/updated environment. Deciding 
when or how often such training updates are required and addressing dynamic 
environments remains an important direction for future work. Also, future research may 
focus on extending the proposed hybrid feature representation, i.e., the developed 
ConvMLP-LiDAR–augmented recursive EKF chain for geometric fingerprinting in 3D 
environments. Overall, this work provides a deployable, reproducible, and practical 
solution for reliable indoor localization on computationally constrained mobile robots. 
Small laboratory/class-room environments can benefit from such a localization solution, 
because in such settings a known environmental setup of a certain limited size is expected. 
Also, the emphasis is on allowing users in such settings to test and develop their robotics 
capabilities without having to first figure out how to get a robot’s position. And generally, 
in such situations, the cost of installing an elaborate beacon-based system is prohibitive. 
It is therefore envisioned that the proposed system in this work may help provide 
localization capabilities in such setups, which may not necessarily be limited to 
laboratory/class-room settings but any setup facing similar constraints/requirements. 

Supplementary Materials: The following supporting information can be downloaded at 
https://www.mdpi.com/article/10.3390/app16157718/s1: Supplementary Video S1—Full 
demonstration of the ConvMLP, recursive EKF localization pipeline, including teleoperation, data 
collection, preprocessing, model training and inferencing. 
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Appendix A 
This appendix visually represents the eleven handcrafted geometric features 

described in Section 3.3. The x-axis represents the scan index. The scan index associates 
each available three-tuple (𝑥,𝑦,𝜃), i.e., robot position and orientation variables, with the 
corresponding LiDAR scan range values. 
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Figure A1. The minimum distance feature variation across scans on all three maps. 

 

Figure A2. The maximum distance feature variation across scans on all three maps. 

 

Figure A3. The 𝑟௦௣௥௘௔ௗ feature variation across scans on all three maps. 



Appl. Sci. 2026, 16, 7718 30 of 34 
 

https://doi.org/10.3390/app16157718 

 

Figure A4. The standard deviation feature variation across scans on all three maps. 

 

Figure A5. The skewness feature variation across scans on all three maps. 

 

Figure A6. The kurtosis feature variation across scans on all three maps. 
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Figure A7. The small jump rate feature variation across scans on all three maps. 

 

Figure A8. The roughness feature variation across scans on all three maps. 

 

Figure A9. The entropy feature variation across scans on all three maps. 
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Figure A10. The Fourier transform feature variation across scans on all three maps. 

 

Figure A11. The large jump rate feature variation across scans on all three maps. 
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