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ABSTRACT. The conventional clustering method is influenced by the distribution shape,
scale, dimension, and model parameters of the dataset, which may hinder accurate and
effective positioning. To address the aforementioned issues, a novel algorithm for indoor
positioning, which incorporates variable weight approrimate nearest neighbor and multi-
scale optimization, is proposed. During the offline stage, a one-to-many support vector
machine partition model is established based on feature extraction, taking account of the
distribution shape of the data set and sample data. This model aims to reduce computa-
tional complexity and enhance search efficiency in the online phase. In the online phase,
the integration of historical data compensation and the similarity measure of variable
weight between samples is proposed, along with a specialized Fuclidean metric calculation
method for the approximate nearest neighbor search of input samples. It can effectively
address the issue of high search efficiency but poor accuracy in the traditional approx-
imate nearest neighbor method. Experimental results indicate that the proposed method
ezhibits a 16.8% higher probability of positioning error within 1.5 m compared to the tra-
ditional improved clustering method. Additionally, the average positioning accuracy can
achieve 0.802 m.

Keywords: Indoor location, Multi-scale, Feature extraction, Variable weight similarity
measure, Special-shaped Euclid

1. Introduction. In the context of indoor fingerprint positioning [1], partition cluster-
ing represents a widely used approach that aims to enhance the accuracy of positioning
estimation by segmenting the fingerprint data into distinct regions. Partition clustering
is based on a clustering algorithm that groups fingerprint data with similar features in-
to the same region, thereby decreasing the complexity and accuracy demands of indoor
positioning.

Currently, partition clustering is extensively utilized in indoor fingerprint positioning.
The methods encompass K-means [3], DBSCAN density clustering [4], hierarchical clus-
tering [5] and so on. Nevertheless, the aforementioned partition clustering methods are
susceptible to the shape, size, dimensions, and model parameters of the dataset, and are
unable to attain precise and efficient localization. Extensive research has been conducted
by scholars both domestically and internationally on the decline of positioning accuracy
resulting from the instability of clustering results.

During the offline stage, [6] employed heuristic techniques to set the initial values of
the algorithm or iteratively restarts the K-means algorithm to address the persistent
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degradation of clustering results. However, this approach consumes substantial computing
resources during the clustering process. [7] improved the positioning algorithm through
combining K-means and Wasserstein to obtain generative adversarial network (WGAN),
resulting in an extended fingerprint database obtained through dual clustering in the of-
fline phase. While the algorithm does to some extent balance the utilization of computing
resources, it also adds complexity to the algorithm and overlooks the processing of out-
liers. [8] proposed a one-to-one multi-classification SVM and integrated transfer learning
algorithm for locating mobile tags in indoor scenes. While the accuracy of positioning has
been enhanced through data standardization, the one-to-one multi-classification method
will have “grey areas”, resulting in misjudgment of classification.

For the online phase, conventional location algorithms such as nearest neighbor search
(NN), K nearest neighbor (KNN) [9], and weighted K nearest neighbor (WKNN) [10]
require traversing the entire fingerprint database to identify targets similar to the data to
be located. This process is time-consuming and does not ensure real-time performance
in target prediction. The support vector machine (SVM) [12], Naive Bayes (NB) [13],
and random forest (RF) [14] are commonly used classification algorithms in machine
learning. While these methods do not require traversal of the entire fingerprint database,
their heightened sensitivity to outliers may result in significant location fluctuations. [15]
introduced an approximate nearest neighbor search approach to expedite target search at
the expense of some accuracy. However, in scenarios where high accuracy is essential, the
compromised accuracy may not adequately demonstrate the benefits of expedited search.

In this paper, we propose a variable weight nearest neighbor positioning algorithm
under multi-scale optimization (MSO-VWNN) to address the challenges of low clustering
efficiency, time-consuming target prediction, and sensitivity to outliers.

The discrete nature of each sample data feature in relation to the central feature and the
distribution of the largest eigenvalues of the sample are combined, and the one-to-many
multi-classification support vector machine (MCSVM) is employed to construct the loca-
tion scene partition model, compared with the traditional partition model, the proposed
method maximizes the effective information from the sample data, reduces data complex-
ity, facilitates the classification algorithm in identifying sample features, and diminishes
the impact of irrelevant information on positioning accuracy.

The traditional on-line search method has been enhanced based on the calculation
results of the heteromorphic approximate Euclidean metric (HAEM) and historical da-
ta compensation. This improvement involves the utilization of the approximate nearest
neighbor search (ANN) algorithm to achieve on-line position estimation, compared with
the traditional nearest neighbor search method, the proposed algorithm aims to penalize
features with larger scales or differences, and also reduces the impact of outliers on the
prediction results.

The rest of the paper is organized as follows. In the second section, the location scene
model and algorithm of the system are introduced in detail. In the third part, the concept
of feature extraction and the specific algorithm flow are introduced in detail. In the fourth
part, a detailed explanation of the enhancement of the traditional approximate nearest
neighbor algorithm is provided. The fifth part involves the experimental verification and
analysis of the methods mentioned above. The sixth part is a summary of the thesis work.

2. Scene Model and Algorithm.

2.1. Scene model. In the localization domain, n wireless access points (AP) and m
received signal strength (RSS) sampling reference points (RP) are organized, and the
initial fingerprint database is established based on the RSS and physical coordinates of
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each reference point. The necessary parameters of the algorithm are described as follows
unless otherwise specified:

1) H' = {(RSSI},RSSI;,...,RSSI}) |1 <i < m} represents the RSS from n APs at
m reference points within the location area, where RSSI? denotes the signal strength of
the jth AP at the ith reference point. j € {1,2,...,n};

2) X = {(z;,y;)|1 <1i < m} represents the set of physical coordinates for two reference
points within the positioning area. Here, the physical coordinates of the ith reference
point are denoted as (z;,v;);

3) q= (RSS];, RSSIg, ey RSSIZ) represents the RSS vector of the target to be iden-
tified in the online phase.

2.2. Algorithm idea. In this paper, the wireless RSS is utilized as the signal fingerprint
for indoor localization. The system is comprised of two stages: the construction of a
fingerprint database and fingerprint recognition.

During the construction phase of the fingerprint database, intelligent mobile terminal
equipment is utilized to gather the RSS of each beacon at various locations within the
positioning area. The corresponding physical coordinates are then incorporated as the ini-
tial fingerprint library of the positioning area. The initial fingerprint database undergoes
feature extraction to be converted into an eigenvalue matrix, which is subsequently input
into the MCSVM algorithm for model training.

During the fingerprint recognition stage, the user gathers data from any location with-
in the positioning area and subsequently cleans the data. During feature extraction, the
sample data undergoes transformation into a feature vector, and the feature weight of
the sample is subsequently calculated. The MCSVM model is employed for forecasting
the partition of the input data. It determines whether to augment historical data com-
pensation based on the disparity between the historical and current prediction results.
Upon identifying the partition to which the sample data belongs, the weight ANN com-
plete search method is employed to ascertain the location information of the target. The
positioning procedure of the MSO-VWNN algorithm is depicted in Figure 1.

Construction of Luitial f ntd |RSSI; RSSI} --- RSSL --- RSSI} (x.y)|
fingerprint databflse ntal fmgerprint data

T =

L

| . M . . . .

L : : . . .
/ / UU |RSSI; RSSI? --- RSSI; - RSSI' (x.3)!

|

e
E N

éf// feature \RSSL, RSSI, - RSSL, - RSSL, (x,.3,)]
"z exfraction
< % ] cigenvalue | MCSVM mparfition
matrix model
et ———————— ~ 7 7 T Patitonmachmgt
= max’ istorical compensation
1‘6(2021111)'[1011 b‘; b: b;_l i) Hist ! pensat
5 - [l 2T e F 0
/ feature & - }\ ! l:] b; b; 1111&13;1:“&:,I !
Q@ extraction Egtinoy I, b, - bt maxl |
ata set”| . : : : :
User w (RSSI* RSSI> - RSSI) — N
p . 1ph Bt e B max®, |
: Variable weight ANN 7 w22 T
Online data Ul Data cleansing complete search
(] location information

FicUre 1. MSO-VWNN algorithm positioning flow



1854 S. SUN, J. YU AND N. QIN

3. Partition Clustering Method Based on MCSVM. During the offline phase, it
is essential to gather and determine the RSS associated with each reference point in the
scene, and to classify the collected RSS data effectively. Traditional clustering methods
are primarily categorized based on sample similarity. However, in complex indoor en-
vironments, various interference components, including obstacle attenuation, multipath
effects, personnel movement, and electromagnetic interference from other wireless devices,
contribute to the instability of RSS data and the presence of numerous outliers. Even in
remote areas, similarity may emerge, leading to a significant decrease in the precision of
the positioning algorithm.

Given the aforementioned issues, the paper focuses on the evolving trend of the sample
data in the fingerprint database. It extracts the characteristics of the original fingerprint
database based on the distinctions among the sample features and converts it into an
eigenvalue matrix. Automatically add tags to eigenvalue matrix based on the optimal
partition interval, employ the MCSVM algorithm to train the model, and subsequently
save the model.

3.1. MCSVM algorithm. Given the efficient nonlinear classification, strong generaliza-
tion, and excellent high-dimensional data processing abilities of support vector machines
(SVM), they are capable of addressing issues related to uneven signal distribution and
high noise. The RSS of each reference point within the location area exhibits similari-
ty to a non-linearly separable multi-class signal with a small number of outliers. This
characteristic can be leveraged to address the optimal partition problem of the location
region.

In this study, the one-to-many (One-vs-Rest) two-classification approach in MCSVM
is employed to create several two-classification subproblems. The eigenvalue matrix is
clustered, and the optimal set of hyperplanes capable of multi-classification is determined.
The appropriate kernel function and regularization parameters for each classifier should
be selected, and SVM should be used to determine the optimal decision boundary. This
will enable the division of the location region into different sub-regions and reduce the
amount of data computation in the online phase.

3.2. Feature extraction of sample distribution. The signal fingerprint classification
algorithm requires the initial establishment of the location area’s original fingerprint data-
base, followed by the optimization of its classification. The initial fingerprint database is
presented below.

H = [H' X] (1)
In an effort to decrease the complexity of the initial fingerprint database and enhance
the precision of the algorithm, the sample distribution feature of the original fingerprint
database is extracted and utilized to simplify the intricate representation of the original
data. First, the average median value of each feature in sample data set H' is computed,
followed by the calculation of the difference between each feature in the sample data and
the M coefficient. The weight, denoted as w7, is calculated as the difference between the
jth feature and the M value of the ith sample, divided by the total difference of the ith

sample. The calculation formula is as follows.

J
wf _ RSST] —'M _ 2)
ST, (RSST] — )

where w{ represents the weight of the jth feature of the ith sample data.
All values of w] are computed, and the feature weight matrix W, ., is constructed as
depicted in Equation (3). Given that assigning a minimum value without a signal would
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render the weight invalid, the feature weight linked to the beacon without a signal is reset
to 0.

1 2 n
w; wy wyp - Wy
1 2
w2 wy  wy e Wy
Wy, w}n wfn ceew?

where w; represents the vector of distance weights for the ith reference point in relation
to the median of the average feature.

The feature weight matrix, as depicted in Formula (3), represents the distribution of
various features in relation to the feature center within each sample data. Subsequently,
the original data is projected onto the feature weight space through the dispersion of
sample features. Complete the scene mapping and simultaneously simplify its complex
representation.

3.3. Feature matrix of fusion quantization coding. To simplify the calculation of
the original feature weight matrix, it is quantized, encoded, and transformed into a binary
matrix, thereby reducing computational complexity.

The weight matrix in Formula (3) is transformed into a binary matrix based on the
size relationship of the adjacent elements in each row vector. This transformation involves
comparing the sizes of the two adjacent elements in the matrix row vector sequentially.
If the value of the former exceeds that of the latter, it will be designated as 1; otherwise,
it will be designated as 0. The calculation formula is presented below.

{ 0, wf < wf“

g (1)

t

bi 1, w
where b} represents the size relation of two adjacent elements in each row of the weight
matrix, denoted as b} € {0, 1}, and ¢ is the binary matrix column index, t € {1,2,...,n—
1}.

In order to enhance the predictive accuracy of the algorithm, the peak feature of the
sample is incorporated in addition to the binary matrix. The analysis of the relationship
between signal strength and distance reveals a notable spike in the features present in
each sample within the data collected from various location areas. The feature peak index
vector, as defined in Formula (5), is created by extracting the index of the feature peak
from each sample data. This vector is then incorporated into the binary matrix as a new
feature. Subsequently, the quantized eigenvalue matrix, represented by Formula (6), is
produced, with B; denoting the eigenvalue vector of the ith RSS sample. The process of
generating the eigenvalue matrix is given in Algorithm 1.

hindex index index index] T (5)

= [rnax1 maxy .-+ max,,

where h™d? represents the characteristic peak index vector of the original fingerprint
database, and maxi"¥? denotes the index of the largest eigenvalue of the ith sample.

B, bt ... bt maxindes
B, by b2 .. bt maxider
B=| . |=|. . . (6)
B 1 2 n—1 index
m b,, by, --- 0 max)

After acquiring the eigenmatrix, it is essential to assign tags to it before employing
MCSVM for model training. The paper aims to classify the eigenvalue matrix according
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to different partition intervals. The matrix of eigenvalues following the process of tagging
is presented below
S ={(B1,l1),(Ba2),...,(Bm,lnm)} (7)

where, the label [; € {1,2,..., K} denotes the ith eigenvector, which partitions the spatial
region into K sub-regions {€2;, €, ..., Qx}.

The input for the model training in the MCSVM algorithm is denoted by S, and the
MCSVM model with the highest prediction accuracy is retained for partition prediction
during the online stage.

Algorithm 1: The generating process of eigenvalue matrix
Input initial RSS matrix H’
For RSSI] in H' do:

Compute w! and maxides // Based on Formulae (2) and (5)
End for
Generate W,y // Based on Formula (3)

For w; in W,,,«,, do:
For 'wg in w; do:
If w! <w!™: // Based on Formula (4)
b =0
Else:
o=
End for
B;[n] = maxindex
End for

4. Variable Weight Approximate Nearest Neighbor Complete Search Method.

4.1. Traditional approximate nearest neighbor search. Currently, the common ap-
proach for indoor search of input data in the online phase involves identifying the nearest
neighbor target value of the input data based on the index of the sample data or fixed
coarse clustering. This implies that numerous superfluous data points will be involved
in the nearest neighbor target search during the online phase, significantly impacting the
real-time and accuracy of the online phase location.

To address the aforementioned issues, the method of approximate nearest neighbor
search [16] is employed to conduct the search for the nearest neighbor target value of the
input data during the online phase.

Nevertheless, the conventional nearest neighbor search approach still requires explo-
ration across multiple subclasses and employs an equal weight similarity measure in the
traditional matching algorithm. As a result, achieving optimal target matching becomes
more complex and does not lead to improved accuracy. Consequently, the conventional
approximate nearest neighbor search method will no longer be suitable in instances of
high accuracy.

4.2. Variable weight approximate nearest neighbor complete search. In the con-
text of indoor positioning, it is required that the prediction accuracy can be guaranteed
while optimizing the prediction efficiency. Consequently, the conventional approximate
nearest neighbor approach in online search is enhanced through the integration of vari-
able weight similarity measurement and historical data compensation, leading to the pro-
posal of a variable weight approximate nearest neighbor complete search method. The
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algorithm’s prediction accuracy is enhanced by incorporating a weighting factor based on
its original search efficiency.

4.2.1. Variable weight similarity measure. In conventional fingerprint location algorithms,
the typical approach for assessing sample similarity involves computing the Euclidean dis-
tance between two samples and evaluating the degree of similarity based on the magnitude
of the Euclidean distance.

As the number of dimensions increases, the Euclidean distance, which intuitively mea-
sures the straight line distance between samples, tends to become almost equal or near-
ly equal, rendering the results unreliable. The measurement of the Euclidean distance
presents challenges in assessing the significance of various features within a single sample.
This uniform treatment may disproportionately amplify features with substantial scales
or differences, thereby potentially affecting the accuracy of indoor positioning.

In this paper, a method for calculating the special-shaped Euclidean distance is pro-
posed to address the aforementioned issues. By considering the discreteness of various
sample features in relation to the sample feature center as the weight, the equivalence
of different sample features is eliminated, and the deliberate punishment exhibits charac-
teristics of significant scale or difference, thereby enhancing the accuracy of approximate
nearest neighbor search.

Upon obtaining the RSS sample g from a specific location area, the process begins
with feature extraction, and quantization coding is used to reconstruct gq. This is followed
by transforming into the eigenvalue vector Q, and saving the weight vector wg,, which
represents the relative feature of each sample feature relative to its median.

Suppose that in the offline stage, through the optimal MCSVM model predicts that Q

belongs to the sub-region Q; = [BZ- By - BZ]T, whered € {1,2,..., K}, (z—1) <
m, by utilizing the equation
D.(q, BC)2 ~ D.(Q, BC)2 = (wg 1Q — BCHQ)§ (8)

The Fuclidean metric between @ and B, can be computed, providing an approximate rep-
resentation of the Euclidean metric between Q and B,. Here, D.(q, B.)? is the Euclidean
metric of ¢ and the cth sample B, in the sub-region space Qg4, ¢ € {i,i + 1,...,2}.

The actual physical coordinates of the corresponding samples are selected as the actual
location of the RSS sample based on the minimum result of the special-shaped FEuclidean
measure calculated by Formula (8), and the algorithm flow is presented in Algorithm 2.

Algorithm 2: The process of nearest neighbor target search
Input the RSS sample somewhere in the area g
Compute the eigenvector @ of g // Based on Formulae (2), (4), (5)
Save the weight vector wg of g
By predicting the sub-region €24 that @ may belong to by MCSVM algorithm
For B, in Q24 do:
Compute D, (q, B.)? // Based on Formula (8)
End for
The nearest neighbor goal of ¢ = D.(q, B.)? minimum B,

4.2.2. Historical data compensation. In the indoor environment, numerous factors con-
tribute to signal interference, potentially causing the RSS to deviate from the expected
values. This deviation can lead to significant errors in the positioning results. While in-
corporating a variable weight similarity measure in the search process can enhance search
accuracy, the presence of outliers may lead to misjudgment of partition by MCSVM.



1858 S. SUN, J. YU AND N. QIN

Consequently, the approximate nearest neighbor search will lose its value under such cir-
cumstances. This paper aims to optimize the influence of outliers on the online search
algorithm by implementing historical data compensation. Additionally, it seeks to confine
the location system’s search for nearest neighbor targets to a single sub-region, with the
goal of reducing the complexity associated with optimal target matching in traditional
methods.

Considering that the maximum step size of pedestrians is denoted as Apax [17], the
margin of error for the two predictions falls within the range of [0, Apax). The disparity
between the historical and current positions serves as a discriminant index for assessing
the necessity of historical data compensation. The method proposed is outlined as follows:

1) If it surpasses the margin of error:

a. Computing the mode of prediction results of the previous a times MCSVMS as the
new sub-region number;

b. Employing the proposed online search method to re-search for the nearest neighbor
target of the sample to be queried within the new sub-region.

2) Provided that it does not surpass the margin of error:

The proposed online search method is employed to directly search for the nearest
neighbor target within the sub-region predicted by MCSVM.

5. Experimental Verification and Analysis.

5.1. Construction of experimental environment. The experimental setup is located
in the L-shaped corridor area on the fourth floor of section C in the Internet of Things
Engineering College. The origin is situated at the lower left corner, denoted as point A,
with the east and north directions establishing the physical coordinate system for the
X and Y axes, as illustrated in Figure 2. The experimental setup utilizes the HUAWEI
nova 10 device running on HarmonyOS 3.0 and a low-power beacon equipped with the
ATM2202 Bluetooth chip. A series of Bluetooth beacons are strategically positioned at
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10-meter intervals within the designated area, totaling 10 beacons in all. Set the beacon’s
broadcast interval to 200 ms and the broadcast power to 0 dBm. The experimental data
acquisition APP is developed using the Android Studio platform, with the data sampling
frequency configured at 50 Hz.

A total of 501 reference points are chosen within the positioning area, with a 50 cm
distance between each adjacent point. 50 sets of data are gathered at each reference
point. After data cleaning, the mean data is computed and combined with the physical
coordinates of the point to create fingerprints. This process is used to establish an offline
fingerprint library H,,(n+1) (hereafter referred to as H), which is further divided into
the training set H; and the test set Hy. During the online phase, 167 reference points
are selected at random. The application (APP) utilizes the device’s Bluetooth module to
conduct a scan of the Bluetooth beacon within its vicinity and acquire the signal strength.
This signal strength is then utilized as the online phase test set Hs and stored locally on
the device before being transmitted to the PC for analysis, where Hs " H = &.

5.2. Performance evaluation of feature extraction methods.

5.2.1. Feasibility analysis. During the offline stage, the outcomes of location area zoning
will have a direct impact on the positioning results during the online phase. The chang-
ing trends of RSS sample features in two distinct sub-regions are compared to validate
the feasibility of the proposed feature extraction method in the offline phase. Randomly
collect 15 RSS sample data points within sub-region 1 and sub-region 3, respectively.
The sample feature change curve in the sub-region is plotted with the Bluetooth beacon
number (sample feature number) on the z-axis and the RSS (sample eigenvalue) of the
Bluetooth beacon on the y-axis, as depicted in Figure 3. The figure illustrates that the
trends of various curves within the same region exhibit similarities, while the differences
in the trends of curves across different regions are pronounced. Without loss of generality,
the evolving pattern of various sample characteristics in relation to the median weight
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F1GURE 3. Change trend map of sample characteristics in sub-region
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within the identical region mirrors that of the initial data. Consequently, the feature ex-
traction method introduced in this paper can be applied to process the original fingerprint
database.

5.2.2. Reliability analysis. To assess the efficacy of the feature extraction method in parti-
tioning the location region, the prediction accuracy of the dataset is compared before and
after feature extraction in the context of the MCSVM algorithm. The eigenvalue matrix
is generated by extracting the feature of the original fingerprint database H. The location
area is divided into sub-regions of varying sizes by taking 59 data points as the partition
interval within the range [1,60) at 1-meter intervals. The original fingerprint library H
and eigenvalue matrix B were labeled according to different partition intervals, and sub-
sequently divided into training sets {H}, H} H} ... H{*}, {B{, B} B},...,B{"} and
test sets {H%, H2 H3,... ,Hgg}, {B%, B2 B, ... ,ng}. The superscript of each collec-
tion denotes the partition interval. Subscript 1 denotes the training set, while subscript
2 denotes the test set. The MCSVM algorithm is employed to iteratively train the model
59 times using distinct training sets, and the resulting test set is utilized to assess the
predictive accuracy of the model. The prediction accuracy curve of the dataset before and
after feature extraction on the multi-classification SVM model under various partition
intervals is depicted in Figure 4.
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FIGURE 4. Prediction accuracy of MCSVM before and after feature extraction

Figure 4 illustrates that the prediction accuracy of the dataset before and after feature
extraction on the MCSVM model exhibits an upward trend with the increase of partition
interval. Moreover, when employing the identical algorithm model, the prediction accu-
racy of the dataset is higher after feature extraction using the MCSVM model compared
to before feature extraction throughout the entire experiment. The average prediction
accuracy following feature extraction is approximately 88%, whereas prior to feature ex-
traction, it is around 68%. The eigenvalue matrix transformation method proposed in
this study has been observed to significantly enhance the predictive capabilities of the
MCSVM algorithm and increase the dependability of the positioning system.
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5.3. Optimal partition interval selection. To guarantee the optimal positioning per-
formance of the positioning system, it is essential to ascertain the optimal partition inter-
val for the eigenvalue matrix and to assign labels to the eigenvalue matrix based on the
optimal partition interval.

Simultaneously, Hs is utilized as the test set and the original fingerprint database H
is employed as the training set to assess the adaptability of the algorithm. The eigen-
value matrix S, tagged from feature extraction, is input into the MCSVM algorithm for
model training. Subsequently, the test set Hj is predicted, and the curve depicting the
relationship between partition interval and prediction accuracy is illustrated in Figure 5.
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FIGURE 5. Prediction accuracy of MCSVM under different partition intervals

The chart illustrates that, according to the analysis in Section 5.2, the prediction ac-
curacy of the MCSVM model on the test set X5 demonstrates an increasing trend as the
partition interval increases. Upon using a partition interval of 22 meters, the prediction
accuracy initially reaches its peak at 96%. The decline in the curve at 22-25 meters can
be attributed to the instability of the RSS signal, which is caused by the open rest area
within the positioning area at 20-30 meters. When the partition interval is 42 meters, the
prediction accuracy reaches its second maximum of 99%.

Owing to the constraints of the physical space within the location area, setting the
optimal partition interval at 42 meters would result in the division of the entire location
area into only two sub-regions. While the prediction accuracy is notably high, the online
phase necessitates the search for the optimal target within a large dataset, thereby hin-
dering the guarantee of real-time positioning. As a result, the optimal partition interval
is selected as 22 meters.

5.4. Analysis of experimental results.

5.4.1. Positioning accuracy analysis. In order to assess the optimization capability of the
proposed method during the online stage, the algorithm is compared with the traditional
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KNN algorithm [9], WKNN algorithm [10], SVM algorithm [12], and Kmeans-KNN al-
gorithm [18] enhanced by agglomerative hierarchical clustering fusion. This analysis is
conducted to evaluate the positioning accuracy and to generate the cumulative probabil-
ity curve of positioning error on both the training set H and the test set Hs, as depicted
in Figure 6.

The figure illustrates that, with the exception of the SVM algorithm, the cumulative
probability curve for positioning error within 0.75 m is nearly identical for the proposed
algorithm, traditional KNN algorithm, WKNN algorithm, and improved Kmeans-KNN
algorithm. The growth rate of the positioning error probability curve of the algorithm
proposed in this paper exceeds that of other algorithms within the range of 0.75-1.5 me-
ters. The probability of positioning error within 1 meter resulting from the algorithm
proposed in this paper is 19.2% greater than that of the traditional KNN algorithm, 9.0%
greater than that of the WKNN algorithm, and 15.0% greater than the improved Kmeans-
KNN algorithm. The likelihood within a 1.5 m radius is 10.8% greater than that of the
conventional KNN algorithm, 6.0% higher than the WKNN algorithm, and 16.8% higher
than the enhanced Kmeans-KNN algorithm. The superiority of the proposed algorithm
is attributed to the feature extraction of the original fingerprint database in the offline
stage, which maximizes the effective information of the original data and fully expresses
the data distribution of the location scene. Additionally, the online stage combines vari-
able weight similarity measurement and historical data compensation, allowing for the
full utilization of effective sample data information and the mitigation of the impact of
irrelevant information on positioning accuracy. Consequently, the algorithm presented in
this paper has the potential to significantly enhance the inadequate positioning accuracy
of conventional positioning algorithms, thereby substantially improving the precision and
resilience of the positioning system.

5.4.2. System stability analysis. To assess the stability of the proposed method’s location,
the maximum location error (MLE), average location error (ALE), standard deviation
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TABLE 1. Error comparison of location algorithms

Units: m
Algorithm MSO-VWNN KNN WKNN SVM Improved Kmeans-KNN
MLE 4.03 3.55 3.27  19.69 9.68
ALE 0.80 1.13 1.02 3.05 1.28
SD 0.72 0.70  0.62  3.80 1.23
RMSE 1.08 1.33 1.19 4.87 1.77
1 T T T T 1___@;5@—'—}3 fi
] —6— MSO-VWNN | |
—+&—KNN
WKNN i
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0.1 / E
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FiGure 7. Cumulative probability distribution of error occurrence frequency

(SD), and root mean square error (RMSE) of the proposed algorithm are compared with
those of the traditional KNN algorithm, WKNN algorithm, SVM algorithm, and the
improved Kmeans-KNN algorithm in the test set, as presented in Table 1.

As shown in the table, the average error of the proposed algorithm is approximately 0.80
m, which is 0.22 m higher than that of the optimal algorithm compared to the other four
algorithms. Meanwhile, the root mean square error of the proposed algorithm is about
10.8 m, which is 0.11 m higher than that of the optimal algorithm among the other four
algorithms. This demonstrates that the algorithm proposed in this paper exhibits minimal
deviation between the predicted value and the actual value during online positioning,
resulting in excellent positioning performance.

To better demonstrate the benefit of the proposed algorithm’s location stability, the
distribution of location errors in the proposed algorithm is compared with those of the
traditional KNN algorithm and WKNN algorithm in the test set Hs. This comparison in-
volves analyzing the frequency of different positioning errors in the three algorithms. The
cumulative probability curve of different error occurrence frequencies is plotted with the
positioning error on the z-axis and the cumulative probability of the occurrence frequency
on the y-axis, as depicted in Figure 7.

As depicted in the figure, the frequency of occurrence of the algorithm proposed in this
paper is 17.96% higher than that of the other two algorithms. Moreover, the frequency of
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location errors within 0.5 meters is 26.95% higher than that of the KNN algorithm and
23.95% higher than that of the WKNN algorithm. Additionally, the frequency of location
errors within 1 meter is 30.54% higher than that of the KNN algorithm and 21.56% higher
than that of the WKNN algorithm. Moreover, the algorithm proposed in this paper ex-
hibits a positioning error frequency of 89.22% within a range of 1.5 meters, indicating that
the majority of positioning errors associated with the algorithm are concentrated within
the [0, 1.5] meter range. While Table 1 indicates that the proposed algorithm’s overall
positioning error is marginally more dispersed compared to the KNN and WKNN algo-
rithms, the positioning error distribution is predominantly concentrated in positions with
small errors. Consequently, overall, the algorithm suggested in this paper demonstrates
superior location performance.

5.4.3. Analysis of location efficiency. To assess the efficacy of the proposed algorithm
in optimizing online search efficiency and enhancing positioning accuracy, the average
prediction time of the proposed algorithm is compared with that of the traditional KNN
algorithm, WKNN algorithm, SVM algorithm, and the improved Kmeans-KNN algorithm.
Five algorithms were employed to forecast the optimal target within the test set, and the
average prediction time for each algorithm was computed, as presented in Table 2.

TABLE 2. Average prediction time of online phase algorithm

Units: ms
Algorithm MSO-VWNN KNN WKNN SVM Improved Kmeans-KNN
Average
prediction 0.31 0.45 0.45 0.49 0.67
time

The data presented in the table indicates that the average time of the algorithm pro-
posed in this paper is lower than that of other algorithms. This suggests that the algorithm
not only enhances positioning accuracy but also effectively ensures positioning efficiency.

6. Conclusion. This paper proposes a novel feature extraction method in consideration
of the impact of the distribution shape of the data set and the diversity of data content
on the location results. This method ensures the preservation of the original data, alters
the data distribution, maximizes data complexity, and efficiently conserves computational
resources.

This study aims to address the complexity of determining the optimal target in finger-
print location and the limited accuracy of traditional methods. The paper proposes an
approach that combines variable weight similarity measure and historical data compen-
sation to enhance the traditional approximate nearest neighbor method. This approach
not only facilitates rapid identification of the optimal target but also ensures the accura-
cy of target prediction, thereby effectively enhancing the positioning performance of the
system.

It is important to acknowledge that the strength and characteristics of fingerprint sig-
nals in indoor environments will vary with changes in time, location, and environmental
conditions. The discrete and unstable nature of this phenomenon presents challenges for
the positioning system in accurately identifying and tracking fingerprints. Hence, the pri-
mary focus of research on fingerprint location will be the investigation of the impact
of device power consumption, scene change, and environmental change on the failure of
fingerprint mapping.
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In the next stage, we will continue our study on the issue of fingerprint heterogeneity
resulting from diverse devices and the challenge of fingerprint map failure due to environ-
mental changes.
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