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Abstract

Mobile robot localization is essential for autonomous navigation,
allowing robots to accurately determine their positions within an
environment. Traditional scan matching algorithms primarily only
provide an area estimation of the robot's location without the exact
coordinates within its environment. This paper presents a work on
improving the scan matching localization algorithm using K-nearest
neighbour (KNN), that is able to provide 2D coordinate information of
the mobile robot position (x,y). The mobile robot with an RP lidar and
high capability of a computer system is used in this study. Typical
algorithms often only encompass input preparation, scan matching,
and area classification stages. The proposed localization algorithm
introduces a fourth stage aimed at determining the coordinates of the
mobile robot within its environment. Three distance parameters
(Euclidean, Mahalanobis, and Manhattan), are investigated to
determine the optimal choice for KNN. The proposed improved
algorithm employing Euclidean distance achieved an accuracy of 93%
when classifying 100 non-reference test samples within a range of 4cm
area. Furthermore, the mobile robot continuously maintains a
coordinate determination accuracy of less than 3cm in 30 samples
across all local maps. These findings hold promise for applications
requiring precise mobile robot localization.

1. Introduction

In recent decades, the adoption of mobile robot systems has experienced a remarkable upswing, serving as
valuable aids in diverse applications to support humans. Particularly, these robots have proven indispensable in
tackling hazardous and volatile environments, where human intervention would be impractical or risky.
Additionally, the deployment of mobile robots brings forth a host of distinct advantages, notably enhanced
accuracy and efficiency in various operational tasks.

This is an open access article under the CC BY-NC-SA 4.0 license.
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Mobile robots have found diverse and impactful applications across various fields. In the application of home
appliances, robotic vacuum cleaners like Roomba have become a staple for automated cleaning, providing
convenience and efficiency [1]. The military sector has embraced mobile robots for deployments in dangerous and
hostile environments, where they undertake surveillance, reconnaissance, and hazardous tasks, reducing risks to
human personnel [2]. In exploration missions, mobile robots have become pioneers, venturing into uncharted
territories on distant planets, moons, and even underwater environments, gathering valuable data and insights
[3-4]. Furthermore, mobile robots play a vital role in search and rescue operations, efficiently navigating through
disaster-stricken areas to locate and assist individuals in distress, saving valuable time and lives [5].

Mapping and localization are essential components within mobile robot systems, that enable autonomous
movement in specific environments. These two components are often integrated together, enhancing the
capabilities and functionality of mobile robots. For instance, in order for a mobile robot to navigate to a target
location, it requires information about its own position as well as the target's position. This necessitates obtaining
environmental information, which can be represented in the form of a map. By leveraging the map, the mobile
robot can accurately determine its location within the environment and estimate the optimal path to reach the
target. This example vividly illustrates the critical role of mapping and localization in enabling mobile robots to
autonomously navigate and operate within their surroundings.

One widely adopted approach in this domain is scan matching, which holds immense promise for estimating
the motion of mobile robots and determining their positions [6-8]. Scan matching involves identifying the relative
positions and orientations of line segments from different scans, facilitating the measurement of similarity and
consistency between them. Through scan matching, researchers can assess the quality of the scanning process
and the accuracy of the localization system, thereby enhancing overall performance.

A limitation of the scan matching approach for mobile robot localization algorithms is its sensitivity to
environmental changes and sensor noise. Scan matching relies on aligning the robot's sensor scans with a
reference map to estimate its pose accurately. However, in real-world scenarios, environmental conditions can
change, and sensor readings may contain noise or errors, leading to inaccuracies in pose estimation. Additionally,
most of the scan matching results only provide a position of an area in the environment, but, for certain mobile
robot applications, specific coordinates of a target and mobile robot position are required. In certain
environments in which the interaction between the mobile robot and objects is unavoidable, the exact location or
positioning of the former is crucial. Consequently, these challenges can result in reduced localization accuracy and
may require additional techniques or sensor fusion methods to improve the performance of the localization
algorithm.

Furthermore, researchers have explored the use of a single sensor for mobile robot mapping and localization
systems, benefiting from advancements in sensing modality technology that offer high accuracy and reliability.
Among the commonly used sensors are ultrasonic and laser range finders. While ultrasonic sensors require
multiple units in the system to achieve 360-degree scanning of the surrounding area, the process can be slow due
to signal transmission between the transceivers, hindering real-time performance [9]. On the other hand, laser
range finders have gained popularity due to their fast-sampling processing, acquiring up to 2000 data points per
second. However, their high cost, especially for long scanning ranges, poses a limitation. An intriguing alternative
is the RP Lidar, a relatively inexpensive laser range finder developed by Robopeak from China, offering a scanning
range of up to six meters at a much lower cost [10].

Considering these factors, this study provides significant insights into a mobile robot system that leverages
the RP Lidar, a cost-effective laser range finder with a scanning range of up to six meters, combined with an
enhanced scan matching localization algorithm. By integrating these advancements, the proposed system
supports real-time operation in various indoor environments, both known and unknown, under static conditions.
Overall, this study's contributions enhance the efficiency and cost-effectiveness of mobile robot mapping and
localization systems, making them suitable for practical applications in real-world scenarios.

2. Methodology

This research methodology is designed to have a few phases of work. It includes mobile robot sensing modality
development along with the corresponding localization algorithms, construction of local and reference maps, and
testing.

2.1 Mobile Robot Sensing Modality Setting

In this study, a mobile robot equipped with an RP Lidar was developed, as shown in Figure 1. Key components
include a power system, an Intel quad-core processor with 4GB RAM, a wireless system, a laser range finder, and
a navigation module. The robot measures 20 cm (W) x 30 cm (L) x 25 cm (H) and has three layers: the bottom
houses the power supplies and mobility components like the motor and driver, the middle holds the computer,
and the top is fitted with the lidar sensor. The system runs on Windows, with the lidar scanning data collected and
monitored via a custom software-development-kit (SDK) provided by lidar manufacturer. The motor driver is a
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dual-channel unit capable of delivering up to 30A per channel, providing sufficient power for precise control. The
robot is equipped with 4-inch diameter rubber wheels, offering strong traction and stability on various surfaces.
This design and setup enhance the robot's capabilities in laser range finder image transmission and computation,
necessitating the integration of a high-performance processor.

The study utilizes the RP Lidar laser range finder, which is strategically mounted atop the mobile robot, as
depicted in Figure 1. The RP Lidar, a low-cost laser range finder developed by Robopeak in 2012, offers a
remarkable scanning range of up to 6m with 5.5hz rotating frequency, and able to provide 2000 samples per
second. Leveraging laser triangulation ranging principles and employing high-speed vision acquisition. By
affording a 360-degree scanning view, the RP Lidar significantly enhances the mobile robot's perception
capabilities.

The computer unit, equipped with a motherboard featuring an Intel quad-core processor and 4GB of RAM, is
suitable for handling the computational demands of the localization method. The power supply is connected using
a high-power direct insertion DC-ATX power module. This computer allows each scan to be processed in around
150 milliseconds. This ensures that the system can manage real-time data acquisition from the RP Lidar without
experiencing substantial delays, resulting in precise and responsive localization for the mobile robot.

Next, to ensure reliable and sustained power supply, the mobile robot's power system incorporates two
batteries, each with a capacity of 7200 mAh: a 12V DC battery dedicated to powering the wheels and motor driver,
and a 24V DC battery used for the computer and laser range finder. This dual-battery configuration allows the
robot to operate for approximately 4 to 6 hours under typical conditions, with the power system designed to
efficiently meet the demands of both mobility and computational tasks, maximizing the robot's overall
performance and operational longevity.

Laver 1 - Sensor
Laser range finder
(RP lidar)

Layer 2 - Computer
Computer and wireless system

Layer 3 - Power system and naviagtion
Battenies, wheel and drivers

Fig. 1 The mobile robot with RP lidar

2.2 The Improved Scan Matching Algorithm

Development of improved K-nearest neighbors (KNN) scan matching algorithm is presented in two sub-sections:
i. description of distance parameters for the algorithm, and, ii. the localization algorithm development. The details
of the works are described in this section.

2.2.1 Distance Parameters for Localization Algorithm

This study employs three commonly used distance parameters, namely, Euclidean [20], Manhattan [21], and
Mahalanobis [22], within the KNN scan matching algorithm. These parameters, which use different methods for
measuring dissimilarity, produce varying values even for identical inputs. Their selection is crucial for
determining the algorithm's classification accuracy and overall performance. By using these different metrics, the
study thoroughly investigates their impact on classification outcomes and evaluates the KNN method's
effectiveness.

The Euclidean distance calculates the straight-line distance between samples (x,,, Vi) and (x,, V)
Mahalanobis distance provides a normalized measure by evaluating distance while accounting for sample
variances (s,, and s,,). Manhattan distance measures distance by adding the absolute differences between sample
coordinates (X, i) and (x,, V)

The best performance is defined as the closest distance between the computed location and reference points.
Choosing the proper distance parameter based on data attributes and issue requirements can have a considerable
impact on KNN classification performance and accuracy.

M ‘ Penerbit



Int. Journal of Integrated Engineering Vol. 18 No. 3 (2026) p. 311-326 314

Euclidean distance:

eUCyn = \/(xm - xn)z + (ym - yn)z (1)
Mahalanobis distance:

(xm - xn)z + (ym - yn)z
h = 2
ma mn \] sz + Snz ( )
Manhattan distance:
man, , = |xm - xnl + |ym - ynl (3)

Where m and n are a number of new samples and references, respectively. x is the data sample at x-axis, y is the
data sample at the y-axis, and s is the standard deviation.

2.2.2 Development of KNN Scan Matching Localization Algorithm

The development of the localization algorithm incorporating KNN and scan matching was carried out in four
distinct stages within this study. The four stages are continuity works, which are performed sequentially from
Stages 1 to 4. Figure 2 shows two block diagrams of algorithms: i. the typical KNN scan matching, and ii. the
improved KNN scan matching. The flow and progression of the algorithm's stages are illustrated in Figure 3 to 6,
providing a visual representation of the sequential steps employed in the localization algorithm incorporating
KNN and scan matching as well as the specific of mobile robot coordinate.

The typical KNN scan mathing algorithm

input |:> Stage 1 |:> Stage 2 E:> Stage 3 |:> output

The improved KNN scan matching algorithm

input |::> Stage 1 |:> Stage 2 E> Stage 3 |:> Stage 4 E:> output

Fig. 2 The block diagrams of a typical scan matching algorithm utilizing conventional KNN with three stages and
the proposed improved version with four stages

Stage 1 focuses on input preparation, beginning with the acquisition of scanning environment data from the
RP lidar. This device captures distance (d) and angle (6) measurements, which are then converted into a two-
dimensional coordinate system (x,y). Following this conversion, both raw and smooth filtering processes are
applied to refine the data. Specifically, only data from new samples and local map references with similar angles
are processed, enhancing the efficiency of subsequent stages. The filtered data forms the output of this stage.

Stage 2 encompasses the scan matching process, wherein the distance parameters played a critical role. Each
tested distance parameter was integrated into the algorithm, facilitating the alignment of the scans with local
maps, which is in this study 10 local maps have been initialized in the previous work. The initial local map data is
known as reference data. The results obtained from the scan matching process were organized based on the
corresponding local maps, contributing to the subsequent stages. The input of this stage is the filtered data from
Stage 1, and the output is the distance data, and they are arranged according to the local maps.

In Stage 3, the results of the scan matching process underwent classification using the KNN method, enabling
the association of each scan with the most suitable map reference. To be specific, the input is the distance data
that has been arranged according to the 10 local maps. Data in each local map are summed up, and the least value
is decided as the result of area. This classification step further refined the localization accuracy by leveraging the
collective information from the local maps. Also, in this stage, there is a rotation and translation process. This
process will be turned on when the scanning data does not obtain 90% accuracy when matching to all local maps
reference data. It starts by rotating the scan in 2° steps. At every step, the accuracy with respect to the reference
maps is computed. It will stop when the accuracy is 90%. At this angle, the mobile robot finds its location as well
as orientation to the references. Figure 7 demonstrates the rotation process.

Stage 3 procedures are also known as the final stage of scan matching, as shown in [7]. The limitation of this
step is that it does not determine the mobile robot's position, leading to a lack of information. This study addresses
this issue by introducing Stage 4.
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Lastly, Stage 4 involves mobile robot coordinate determination. This stage utilizes the information obtained
from the previous stages to precisely determine the mobile robot's position by a 2D coordinate (x and y) within
the environment. As the previous stage has provided the result for the area of the local map, then, the coordinate
of the mobile robot can be determined by the horizontal plane (x-axis) and followed by the vertical plane (y-axis).
For the x coordinate determination, the environment is divided into two sides, left and right as the mobile robot
position is in the middle of the environment.

To determine the mobile robot's coordinates, the difference between corresponding values from the input
and reference data is calculated. This difference indicates the robot's position relative to the environment: a
positive difference suggests the robot is on the left side, while a negative difference indicates the right side. Three
conditions are used to finalize the x-coordinate: if the difference matches the input value, the x-coordinate remains
unchanged; if the difference is positive, it is added to the input value; otherwise, it is subtracted from the input
value. For the y coordinate, the output from Stage 3, which carries the decided local map, is taken to be the input.
The input data will be added with the reference data of the local map to get the y coordinate.

The definitions of essential variables are as follows. In Stage 1, two sets of variables are involved, s(s;, s6;)
representing scanning data and Rn(r;, r8;) representing reference data, each containing distance and degree
values. Next, s6; and r6; represents the degree values in radian. Additionally, SXj, SYj, TX; and ry; denote variables
for both scanning and reference data in the x and y coordinates. Subsequently, s(sx, sy,) and Rn(rxy, ry;)
represent filtered data derived from the scanning and reference datasets, respectively. In Stage 2, the variables
eUCy, n, MAn,, , and mah,, , represent the distance values for Euclidean, Manhattan, and Mahalanobis distances.
Here, m and n correspond to the local map and the specific data number. Next in Stage 4, x,. and y,- are mobile
robot coordinate of x and y. dx; is the difference between scanning data, sx;, and reference data, rx;. The ith is a
group of scanning data and reference data.

Stage 1: Input preparation For raw filter, a threshold is set up within a range of Om
1. Get current input from the scanning, S(s; s6; ). to 6m. This range is determined by the laser range finder
2. Acquire the reference input from the database, range. Any data falls in the range, it is consisted as valid
Rn (?‘i,?‘ai ), where n is the number of local maps. data. Otherwise, it is invalid and considered as 0. Raw
3. Compare angle between the input, s8; and reference, filter is conducted using (10) and (11).
r6; . For S(sx; sy;)
If s8; = r6;, then, convert to radian from degree using S (S'xijs}’j ) =
(4) and (5). 0, if S(sxiisyf) < 0 and S(sxi,sy;) > 6m
s6;rad = = s6; (4) {S(sxl._syi ), else
r6; rad = %xrai (5) (10)
Else, remove s8; and r8; from input array. End
4. Convert the current input, S(s; s8; ) and reference, For Rn(rx;ry;)
Rn(r;r8; ) into two dimensions, S(sx; sy; ) and Rn(’”xi,?’yl' ) =
Rn(rx;ry; ) using (6), (7), (8), and (9), respectively. { 0, if Rn(rxiry;) < 0 and Rn(rxiry; ) > 6m
sx; = s; cos(s6;) (6) Rn(rxi,ry,; ), else
syi = s; sin(s6;) (7) (11)
rx; = r; cos(rf;) (8) End
ry; = 1 sin(r6;) (9) 6. End
5. Run raw filter to remove unwanted data, such as
overshot and black data.

Fig. 3 The Stage 1 localization algorithm, input preparation

Stage 2: Scan matching process
1.

Compute distances values, eucy, ,, man,, , and mah,, , from s(sxy, syx) and Rn(rx;, ryy) using (1), (2) and (3).
‘Where m is the number of local maps and n is number of input data.

2. Arrange the distance values according to the local maps.
3.

End.

Fig. 4 The Stage 2 of localization algorithm, scan matching process
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Stage 3: Area classification using KNN sBi=s6; + 2°; (15)
1. Sum up the distance values according to the local maps. end
form=1to 10 Go to Stage 1;
sum_euc_localmap(m) =YN_, euc, (12) 5. Classification result using rule-based decision
sum_man_localmap(m) = ¥¥_, man, (13) if least_value = localmap]
sum_mah_localmap(m) = }:¥_, mah, (14) Final result= Local Map 1;
end elseif least value = localmap?2
2. Determine the least_values of local maps summation. Final result=_Local Map 2:
3. Compute the percentage of accuracy of the classified :
local map. :
if percentage of accuracy < 90% elseif least value = localmapl0
Result = Go to 4 (rotation and translation). Final result=Tocal Map 10;
elseif percentage of accuracy = 90% else
Result = Go to 5 (classification result); Final result = undefined;
end end
4. Rotation and translation 6. End
fori=1 to max(i)
Fig. 5 The Stage 3 of localization algorithm, area classification using KNN
Stage 4: Mobile robot coordinates determination 2. For coordinate y, (cm)
1. For coordinate x,- (cm) Yy = SY; + 1Y (20)

Divide the environment into two sides, right (+)

and left (-)
fori=1to 10
dx; = sx; — rx; (16)
dx, = mean(dx;)
ifdx, =0
Xy =8 (17)
elseif dx,. = +ve
X, = Sx; + dx, (18)
elseif dx, = —ve
X, = §x; — dx, (19)
end
end

ry; is obtained from Final result of Stage 3.
if Final result = localmapl

¥, = sy; + 1000 (21)
elseif Final result = localmap2
¥, = Sy; + 2000 (22)
elseif Final result = localmapl0
¥, = Sy; + 10000 (23)
end
3. Mobile robot coordinates, (x,., ¥,-)
4. End

Fig. 6 The Stage 4 of localization algorithm, mobile robot coordinate determination

Initial scanning 2nd step of rotation (+2°) 3rd step of rotation (+4°)
8000 8000 8000 ¢
Accuracy: 78% Accuracy: 87% Accuracy: 91%
6000 O Scan data 5000 Q Scan data DS Q Scan data
O Reference data/local map O Reference data/local map O Reference data/local map
4000 4000 ¢ 4000
& o L]
2000 E % 2000 O o9 2000}  ©WS %
-2000 - ; 2000 @ ‘O) 2000F t
sl S 4000 - | T
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Fig. 7 An example of the rotation and translation process in Stage 3, with initial scanning, 2¢, and 4° rotation steps.
The red circle in the top figures refers to the reference map and the blue circles refer to the scanned data. As the
scanned data is rotated by 2-degree steps, its error from the reference map is calculated

2.3 Development of Reference Maps

To implement the localization algorithm effectively, constructing a reference or prior map is essential to ensure
accuracy. Initially, the mobile robot performs an exploratory maneuver to scan the entire environment, including
all surrounding walls or borders. For instance, using a laser rangefinder in a room requires the robot to cover
every wall for a comprehensive scan. This is addressed through area segmentation [24-25], with the scan results
forming the reference map [26].

To enhance accuracy and reliability, each node is scanned 20 times to increase data points and improve
consistency. Statistical measures like standard deviation, average, median, and mode are then used to assess this
consistency, ensuring the local maps serve as reliable references for new scans. Once the local maps are created,
they are merged based on their node positions to form the reference map. This process includes filtering the data
with moving averages to produce a unified local map that accurately represents the environment in a 2D view,
capturing obstacles and walls.

The study was conducted in three different environments to validate the theory and the newly developed
localization algorithm. As illustrated in Figure 8, the research room, highlighted within the red box, with
dimensions of 4m (W) x 12m (L), is used as the primary environment for demonstrating the workflow in this
paper. This environment, free of moving obstacles and equipped with fixed equipment, offers a clear and
consistent space for data collection and testing.

CORRIDORl RESEARCH ROOM ROBOTICS LAB

] H Mo
Boxes

Ary

Server room
Office

‘ Machine

Machine

£ o T - R 2
OE * P4 e Table £ E T = - - T |
le able =Tabl
I i S
= s P5 o 2
Office 2 Table e ® & 0 & 4 & @ * 4 0 s 2 0 e o
¢ * 3 s T LpRJ
: =4 : e %%
g Machine a e 8|8 %F-%r = | B Machine .
- [ P7 @ ' Vol A GA A .
: T BuIEy vy .
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Fig. 8 The illustration of the studied environment. The red box shows the area used for the demonstration work of
the proposed algorithm
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As there is no predefined formula for determining the optimal number of segments, initial testing was
conducted to explore various segmentations. The research room was divided into several segment configurations:
two, four, 10, 16, and 32 segments. Each segment consists of a scanning node representing the mobile robot's
location during the scanning process and corresponds to a distinct class in the classification stage. Through this
testing, it was found that segmenting the environment into 10 segments provided the most significant difference.
Therefore, this study employs a 10-segment configuration to demonstrate the workflow and evaluate the
localization algorithm's performance.

In the segmentation process, scanning points were strategically placed at the center of the environment.
Figure 8 depicts these scanning nodes corresponding to the 10 segments within the environment, while Table 1
details the segment representations and their respective robot coordinates.

To further validate the segmentation, Multivariate Analysis of Variance (MANOVA) and dendrogram analysis
were applied to assess the dissimilarity between environment segments [27-28]. The MANOVA results confirmed
that all segmentations successfully passed the dissimilarity test, with p-values approaching zero, indicating that
the segments are different and distinguishable. The dendrogram analysis further revealed that the 10-segment
configuration provided a significant difference compared to other segmentations.

The comparison of dendrograms focused on the significance of differences and balanced distribution. To
illustrate this more clearly, dendrograms with 10 and 16 segments, as shown in Figure 9, are used as comparison
examples. This figure shows the 10-segment dendrogram demonstrates a gradual and balanced increase in
dissimilarity, with clusters forming incrementally and a more uniform distribution of differences among samples.
In contrast, the 16-segment dendrogram reveals a more uneven structure, with certain samples, such as those
labeled 14 and 9, exhibiting significant dissimilarity. Therefore, the 10-segment dendrogram provides a clearer
and more consistent representation of sample relationships, making it the better choice for capturing subtle
variations and the overall structure in the data. Then, may lead to more accurate classification.

Table 1 The positions of the scanning points for the environment with 10 segments

Representation of mobile robot

The scanning node Representation of segment  coordinates in the environment (x, y)
(cm)
P1 Segment 1 (0,100)
P2 Segment 2 (0,200)
P3 Segment 3 (0,300)
P4 Segment 4 (0, 400)
P5 Segment 5 (0,500)
P6 Segment 6 (0, 600)
P7 Segment 7 (0, 700)
P8 Segment 8 (0, 800)
P9 Segment 9 (0,900)
P10 Segment 10 (0,1000)
Dissimilarity Dissimilarity

Sample

Sample ] L L
6 0 1 9 7 3 2 5 8 4 ° 6 7T 1 2 3 12 % 15 13 4 5 W M8 9

(a) (b)

Fig. 9 Dendogram results, (a) 10 segments of environment; and (b) 16 segments of environment
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2.4 Testing

The testing aimed to evaluate the real-time navigation capabilities of the mobile robot in a controlled environment.
A target location was set within the laboratory, and the mobile robot was positioned at a random starting point.
The robot's task was to autonomously navigate to the target location using real-time data provided by the RP
Lidar, which continuously scanned the environment. This lidar data was processed to update the environment
map, allowing the robot to effectively avoid obstacles and make informed decisions based on the most up-to-date
information, thereby demonstrating its navigation capabilities. For the evaluation results, as the robot moved
towards the target, the monitoring system provided a path view, local map classification, and real-time coordinate
updates, ensuring comprehensive feedback on the robot's navigation performance.

For this testing, the focus was on evaluating two localization algorithms: (i) the conventional KNN scan
matching algorithm, and (ii) a newly improved KNN scan matching with coordinate algorithm. As stated in the
previous section, the conventional scan matching algorithm was limited to Stages 1 to 3, as illustrated in Fig. 3 to
5, while the improved KNN scan matching with coordinate algorithm extended to Stage 4, as shown in Fig. 3 to 6.
The conventional KNN scan matching algorithm concentrated on segment classification, providing information
about the general area of the mobile robot’s position. In contrast, the improved KNN scan matching with
coordinate algorithm offered precise coordinates for the mobile robot's position.

Two type of data were used in this testing, i. reference data, and ii. non-reference data. Reference data, which
consists of scanning data already included in the database, allowed the robot to operate in a familiar environment,
enabling the assessment of the algorithm'’s ability to correctly classify samples and establish benchmarks for
accurate localization. Non-reference data, representing new scanning environments not included in the database,
was used to evaluate the algorithm’s performance in generalizing to unseen data, ensuring that the KNN model
could adapt effectively beyond the pre-existing environment data.

The first test aimed to evaluate the performance of conventional localization algorithms. This test involved
10 reference locations, with 10 trials conducted per location, resulting in a total of 100 input samples. The
algorithm's performance was measured as a percentage of accuracy, calculated by dividing the number of correct
classifications by the total number of samples. In the second test, the mobile robot's coordinates were determined,
and the distance between the Stage 4 results and the actual coordinates was calculated. To thoroughly assess the
algorithm's precision, various distance ranges were prepared, specifically +1cm, #2cm, #3cm, +4cm, +5cm, and
+10cm. Similar to the first test, 100 samples were used for each distance range to evaluate the precision of the
mobile robot's positioning. Finally, a comprehensive test was conducted to evaluate the complete process from
Stage 1 to Stage 4, utilizing the best-performing distance parameter.

This test focused on analyzing the results of local map classification from Stage 3, the mobile robot's
coordinates from Stage 4, and the corresponding distance ranges. This rigorous testing process confirmed the
algorithm's ability to accurately determine the mobile robot's position in the room, ensuring reliable localization
in both known and unknown environments.

3. Results and Discussion

In this section, the performance and results of the work are shown. It includes the work of construction of a
reference map and assessment of its consistency and the performance of improved KNN scan matching
localization results using reference and non-reference data.

3.1 Reference Map Development Results

In the methodology section, the work on the construction of a reference map involved multiple scanning to provide
multiple data at one point, and then, to evaluate the consistency of the scanning data. This work presents that the
laser range finder collected approximately 360 data points during one scanning rotation, which offers sample data
for analysis. Even with some occasional blank values in the laser range finder data, these issues are less critical
compared to other range sensors, like ultrasonic sensors.

Table 2 shows standard deviation values based on the scanning data for local maps at various angles. The
majority of scanning data exhibit small standard deviation values, typically less than 10, which is considered small
due to the wide scanning range of the laser range finder, spanning from zero up to 6m. The high value of standard
deviation is due to the overshot scanning results and the blank values. This can be improved using filters to
remove unwanted values. Here, the blank and high values of standard deviation are shaded as shown in Table 2.
Next, Table 3 shows the standard deviation values after the scanning data went through the filtering process. The
result after filtering shows the standard deviation values have improved by showing the decreasing of its values.
The improved values are shaded in blue color.

On the contrary, the scanning data can be harnessed to generate a detailed 2D representation of the local map,
as showcased in Figure 10. Once these local maps are seamlessly assembled, they can be integrated to create a
comprehensive global map. The merging process is carried out based on their corresponding node positions,
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leading to the creation of the finalized reference map, as presented in Figure 11. Additionally, the scanning data is
illustrated before and after the filtering process. This comprehensive global map impeccably portrays the actual
environmental layout, encompassing obstacles and walls, in 2D view.

Table 2 Standard deviation results (o in cm) based on 20 times of scanning for segment 1 (local map 1) to segment
10 (local map 10). The blanks and high values of standard deviation are shaded

Local Angles (°)

Map 30 60 90 120 150 180 210 240 270 300 330

LM1 12.14 141 1.50 1.24 3.89 0.55 2.12 12.58 0.86 2.21 35.02
LM2 26.86 1445 4.03 3.88 22.17 1.28 4.09 8.04 0.52 241 10.50
LM3 15.13 1248 5.53 6.81 11.97 10.57 9.70 7.41 1.46 25.78 2276
LM4 = 11.37 1190 13.15 - 3849 2281 20.57 6.15 2.25 0.36

LM5 12.64 - 3.70 57.86 17.27 2990 5595 8.46 1.08 24.60  30.58
LM6 1997 - 3.70 29.69 17.27 2990 5595 8.46 1.09 24.67  30.58
LM7 9.27 3.34 0.40 - 3.68 - - 6.82 7.07 7.50 25.50
LM8 1.51 13.00 8.66 2.70 8.09 - - 16.63 15.85 3.47 31.15
LM9 1.78 4.15 0.77 5.98 10.05 - = 13.40 3.31 1.05 11.91
LM10 7.57 20.62 1.20 11.46 9.00 = 9.93 9.53 3.39 266.30 13.54

Table 3 Standard deviation results (o in cm) after filtering for segment 1 (local map 1) to segment 10 (local map
10). The blanks and high values of standard deviation are shaded in orange, and the improved values are shaded in

blue

Local Angles (°)

Map 30 60 90 120 150 180 210 240 270 300 330
LM1 10.89 1.32 1.45 1.20 3.79 0.54 2.06 12.24 0.83 2.14 2.64
LM2 10.45 8.95 4.03 3.88 3.22 1.28 4.09 8.04 0.52 2.41 10.50
LM3 1.13 11.80 5.53 6.81 11.97 10.57 9.70 7.41 1.46 11.51 1.94
LM4 - 11.38 1190 13.15 - 5.93 2.39 12.08 6.15 2.26 0.36
LM5 12.64 - 3.71 2.54 11.44 4.00 2.78 8.46 1.09 13.50 5.53
LM6 2.81 - 3.71 2.33 8.69 5.50 14.15 8.46 1.09 11.97 17.32
LM7 9.28 3.34 0.40 - 3.68 - - 6.82 7.08 7.50 13.49
LM8 1.52 13.03 8.67 2.70 8.09 - - 16.64 1586 3.48 7.93
LM9 1.78 4.15 0.77 5.98 10.05 - - 13.40 3.31 1.05 11.91
LM10 7.57 10.03 1.20 11.47 9.01 - 9.93 9.53 3.40 14.82 13.54
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Fig. 11 (a) Reference map with raw data; and (b) Reference map with filtered data

3.2 Classification Results of KNN Scan Matching Algorithm

The results shown here are to demonstrate the performance of the conventional and the improved algorithm are
presented in Table 4 and 5, respectively. It is also expected that the results of reference samples will be higher
than non-reference samples, which reference samples are almost similar to the KNN database. These results are
performed based on the accuracy of the classification, and the computation is shown in (24).

number of correct sample

% accuracy = x 100% (24)

total sample

3.2.1 Results of Stage 1 to 3

Stage 1 to 3 is also known as the conventional KNN scan matching localization algorithm. Table 4 shows the local
map accuracy to the reference map. It is based on 100 trials for all local maps. For the reference sample
classification, the scan matching models of the Euclidean, Mahalanobis, and Manhattan distances obtained the
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correct classification of 100%, 100%, and 79%, respectively. While, for non-reference sample classification, the
accuracy results for Euclidean, Mahalonobis, and Manhanttan are 100%, 100%, and 21%, respectively.

Table 4 The classification results of the distance parameters based on 100 samples, that are obtained from the
reference and non-reference samples

) Reference sample Non-reference sample
Distance parameters
(% accuracy) (% accuracy)
Euclidean 100 100
Mahalanobis 100 100
Manhattan 79 21

For reference sample classification, the high accuracy rates of 100% for both the Euclidean and Mahalanobis
distance models are indicative of the effectiveness of these metrics in determining the closeness of scanned data
to the reference dataset. In contrast, the Manhattan distance model achieved an accuracy rate of 79% for reference
sample classification. This slightly lower accuracy rate implies that the Manhattan distance might not consistently
identify the closest data points from the reference dataset. The 79% classification correctness indicates that there
might be cases where Manhattan distance does not yield the most accurate results, possibly due to its sensitivity
to variations in both x and y coordinates. The local maps that were incorrectly classified by the Manhattan distance
metric include local maps 1 (2 incorrect), 2 (1 incorrect), 3 (4 incorrect), 4 (3 incorrect), 5 (2 incorrect), 6 (3
incorrect), 7 (2 incorrect), 8 (2 incorrect), and 9 (2 incorrect).

In the context of non-reference sample classification, the results highlight the superiority of the Euclidean and
Mahalanobis distance models. Both achieved 100% accuracy, indicating that these distance metrics are
exceptionally effective at classifying samples against a reference dataset even when the data samples did not
match the reference set. This finding demonstrates the robustness of Euclidean and Mahalanobis distances in
handling data points that may not have direct counterparts in the reference dataset. On the other hand, the
Manhattan distance model displayed a 21% accuracy rate for non-reference sample classification. This outcome
suggests that the Manhattan distance may not be as well-suited for classifying samples when they deviate from
the reference dataset. It appears to struggle in scenarios where the data points follow grid-like or orthogonal
patterns, which is a limitation that needs consideration.

To discuss in detail, several factors could contribute to these misclassifications. One possibility is the presence
of overlapping or intersecting features, as seen in local maps 3 and 4, and in maps 7 and 8. Additionally, sparse
data could be a contributing factor, where certain maps have fewer data points compared to others, limiting the
classifier's ability to accurately identify patterns. This issue is particularly apparent in local maps 7 and 8.

3.2.2 Results of Stage 1 to 4

Here, the performance of the improved KNN scan matching localization algorithm is presented and discussed. The
results are summarized in Table 5. The distance between the algorithm results and its real coordinates was
calculated using equation (25). Various distance ranges or thresholds, #1cm, +2cm, #3cm, #+4cm, +5cm, and
+10cm, were used to determine the proportion of samples that fell within each range, thereby assessing the
algorithm's precision. A total of 100 samples were analyzed for each distance threshold.

d = (e = x)2 + (e — y,)? (25)
where (x;, y;) are the real coordinates of the mobile robot and (x,, y;.) are the results of the algorithm.

Table 5 Accuracy results based on the distance range of +1, +2, #3, 4, 5 and #10. Accuracy 90% or better is

highlighted in bold
Distance Reference sample Non-reference sample
parameters (% accuracy) (% accuracy)
(em) | 2 3 +4 x5 +10 1 2 3 +4 5 +10
Euclidean 98 99 99 99 99 100 o4 70 80 93 100 100

Mahalanobis 100 100 90 74 41 26 82 75 70 66 54 54
Manhanttan 0 0 2 43 67 79 0 0 0 0 0 21
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The Euclidean distance consistently achieved high accuracy, ranging from 98% to 100% across all distance
ranges, demonstrating its robustness for both small and wide distances. In contrast, the Mahalanobis distance
excelled in shorter ranges, achieving 100% accuracy at #1cm and +2cm, but its performance significantly declined
in broader ranges, dropping to just 41% and 26% at +5cm and +10cm, respectively. This drop is likely due to the
Mahalanobis equation's reliance on standard deviation, which can result in less precise matching at wider
distances. The Manhattan distance, however, performed poorly overall, failing to achieve more than 79% accuracy
even at the broadest range.

For non-reference samples, Euclidean distance again demonstrated superior performance, achieving 100%
accuracy at +5cm and +10cm ranges, though its accuracy declined at narrower ranges, reaching 64% at +1cm. The
Mahalanobis distance followed a reverse trend, improving as the range narrowed, with a maximum accuracy of
82% at £1cm. However, it never reached 100% accuracy in any range. The Manhattan distance performed worst
overall, achieving only 21% accuracy even at the widest range, indicating its limited applicability in the tested
scenarios.

The selection of the suitable distance parameter is critical for optimizing the performance of the KNN scan
matching localization algorithm. The Euclidean distance has emerged as the most suitable parameter, providing
consistent and robust performance across varying conditions. Its straightforward calculation and adaptability to
both small and wide ranges make it an ideal choice for mobile robot localization tasks.

In contrast, while the Mahalanobis distance exhibited strong performance in short-range scenarios, its
accuracy sharply decreased as the distance range increased. This suggests that Mahalanobis distance may be more
appropriate in applications requiring high precision over short distances but is less effective in scenarios
demanding broader environmental awareness. The Manhattan distance showed the least potential for practical
application in mobile robot localization, particularly in non-reference scenarios, where its accuracy was
consistently low. This underperformance highlights the limitations of Manhattan distance in handling the
complexity of localization tasks where precision and adaptability are essential.

3.2.3 The Final Performance

Table 6 presents the results of the improved localization algorithm, using the Euclidean distance parameter based
on its demonstrated effectiveness in previous tests. The table includes 30 instances of the algorithm's
performance, showing the mobile robot's coordinates (x,, 3;.) and the calculated coordinates (x;, y;) along with
the difference value, d, between the real and estimated positions for each axis. Additionally, the local map
classification from Stage 3 is indicated.

The results show that most of the difference values are under 3cm, with several instances where the error is
zero, indicating a close match between estimated and real positions. When comparing these results to the standard
algorithm's performance (as seen in Table 4), the improved algorithm demonstrates significant accuracy gains,
confirming that the selection of Euclidean distance plays a crucial role in enhancing mobile robot localization
accuracy.

In summary, the improved algorithm, relying on the Euclidean distance parameter, exhibits outstanding
accuracy as reflected in local map accuracy, the minimal difference values, even down to zero. It demonstrates a
high degree of robustness to variations in the mobile robot's orientation, further solidifying its potential for
precise and reliable mobile robot localization across diverse environments.
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Table 6 Results of coordinate determination (Stage 4)

Real position Real position

No. (cm) Result (cm) ((icm) No. (cm) Result (cm) ((icm)
LM (x;, yt) LM (x, ) LM (x¢, yt) LM (x;, yr)
1 1 (1.3,102.0) 24 16 6 (0,600.0) 0.0
2 1 (0,100) 1 (6.7,102.2) 2.3 17 6 (0,600) 6 (-0.3,600.1) 0.1
3 1 (9.4,102.7) 2.9 18 6 (0,600.0) 0.0
4 2 (0.7,200.3) 0.3 19 7 (-2,701.8) 1.8
5 2 (0,200) 2 (-0.7,200.1) 0.1 20 7 (0,700) 7 (0.2,700.1) 0.1
6 2 (-2,200.8) 0.9 21 7 (-0.2,700.1) 0.1
7 3 (0.3,300.2) 0.2 22 8 (1,800.2) 0.2
8 3 (0,300) 3 (0,300.1) 0.1 23 8 (0,800) 8 (0,800.0) 0.0
9 3 (0,300.0) 0.0 24 8 (-0.6,800.1) 0.1
10 4 (2.1,400.3) 04 25 9 (-0.6,900.1) 1.5
11 4 (0,400) 4 (0.1,400.1) 01 26 9 (0,900) 9 (0.1,901.3) 0.1
12 4 (0,400.1) 0.1 27 9 (1.3,901.4) 1.3
13 5 (0,500.0) 0.0 28 10  (0,1000.0) 0.0
14 5 (0,500) 5 (-1.1,501.3) 1.3 29 10 (0,1000) 10  (0,1000.0) 0.0
15 5 (0.3,500.1) 01 30 10  (0.2,1000.2) 0.2

*LM =local map

4. Conclusion

Finally, this study considerably improved mobile robot localization by developing and applying the KNN scan
matching algorithm. Unlike classic KNN scan matching, which simply provides an area estimate, the proposed
approach exactly calculates the mobile robot's coordinates in the environment, significantly improving
localization accuracy. Furthermore, the work demonstrates the efficacy of using a single laser range finder for
mobile robot localization. Among several distance parameters, the Euclidean distance consistently exceeds the
Mahalanobis and Manhattan distances in KNN classification. The revised algorithm is highly accurate, reaching
93% accuracy within a 4 cm range across 100 test samples and consistently determining coordinates within 3 cm
for 30 samples.

As arecommendation for future work, the algorithm will be tested in dynamic environments that include both
static and moving objects. The approach can be implemented in a manner that the algorithm updates the reference
map in predetermined intervals. This will allow it to perform in an environment in which the objects are dynamic.
This extension would provide valuable insights into the algorithm's robustness and effectiveness in real-world
scenarios. Overall, this study paves the way for further advancements in mobile robot localization algorithms and
their application in various dynamic environments.
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