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ABSTRACT: Due to its low hardware cost and ease of deployment, WiFi fingerprinting has become a prominent
research direction in indoor positioning. However, traditional methods based on Received Signal Strength (RSS) still
face three critical challenges: susceptibility to noise interference, low retrieval efficiency as fingerprint databases scale up,
and trajectory instability in dynamic environments. These challenges are inherently rooted in the stochastic fluctuation
of RSS signals, the high-dimensional and non-Euclidean nature of fingerprint space, and the unpredictability of user
movement patterns. To address these limitations, an adaptive trajectory-assisted dynamic indoor positioning algorithm
based on RSS fingerprinting, termed AT-WKNN (Adaptive Trajectory-assisted Weighted K-Nearest Neighbor), is
proposed. Specifically, a hybrid distance metric incorporating adaptive distance constraints is first designed to identify
high-quality neighboring fingerprints while filtering out noisy samples, thereby improving positioning accuracy. Sub-
sequently, a Hierarchical Navigable Small-World (HNSW) structure is employed to enable efficient fingerprint retrieval.
In addition, a Kalman filter is utilized to smooth trajectory estimation and suppress dynamic noise. Experimental
results demonstrate that the proposed AT-WKNN algorithm achieves a 43.0% improvement in positioning accuracy
and a 6.90x increase in retrieval efficiency compared with the baseline WKNN method. Furthermore, validation
on the large-scale UJlIndoorLoc benchmark dataset confirms the scalability and generalization capability of the
proposed method.
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1 Introduction

In recent years, the rapid development of the mobile Internet has generated a strong demand for
high-precision location-based services. Mainstream outdoor positioning systems, such as GPS, BeiDou,
and Galileo, typically rely on trilateration using signals from multiple satellites [1]. However, in complex
indoor environments, satellite signals are often obstructed or severely attenuated by buildings, resulting
in significant ranging errors. Consequently, these systems struggle to provide reliable positioning results
indoors, highlighting the urgent need for alternative indoor localization technologies [2].

Indoor localization aims to determine the real-time position and movement trajectory of individuals
or objects in environments where satellite signals are weak or unavailable, by leveraging wireless com-
munication and sensor fusion techniques. Existing indoor localization technologies include infrared [3],
ultrasonic [4], Machine Learning [5], Bluetooth [6], ultra-wideband (UWB), and WiFi fingerprinting [7].
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Although each technique has its own advantages and limitations [8], WiFi fingerprinting has attracted
significant attention due to its reuse of existing network infrastructure, zero additional hardware cost, wide
coverage, and strong potential for adaptive optimization across diverse scenarios.

WiFi fingerprinting is constructed by collecting Received Signal Strength (RSS) values from multiple
Access Points (APs) at specific locations. Since each location exhibits a unique combination of RSS values,
these measurements can be used to form distinctive fingerprints for localization. However, in practical
applications, RSS measurements are affected by factors such as hardware heterogeneity, environmental
dynamics, and human activity, resulting in random fluctuations. These disturbances degrade both the dis-
criminability between locations and the stability of measurements, ultimately reducing localization accuracy.
Although existing studies have made significant progress in improving distance metrics, neighbor selection
strategies, and trajectory smoothing techniques, most approaches focus on optimizing individual modules
independently, lacking a unified framework that jointly considers accuracy, efficiency, and trajectory stability.
Recent studies have further confirmed the potential of clustering-based signal processing methods for
improving robustness and feature representation in dynamic wireless environments [9,10].

To address the aforementioned challenges, this paper proposes an adaptive indoor localization frame-
work for smart city Internet of Things (IoT) systems in smart cities (AT-WKNN). Unlike conventional
approaches that treat each module separately, the proposed framework emphasizes system-level coordinated
optimization. The framework jointly optimizes three key aspects: neighbor selection, similarity model-
ing, and trajectory refinement, thereby improving system efficiency and stability while maintaining high
localization accuracy.

The proposed method fully leverages existing WiFi infrastructure and reduces computational complex-
ity, making it well-suited for large-scale and energy-efficient IoT deployment scenarios. By integrating hybrid
distance metrics, adaptive range constraints, efficient HNSW-based retrieval, and trajectory-aware Kalman
filtering into a unified pipeline, the proposed method achieves a balanced improvement in localization
accuracy, computational efficiency, and trajectory stability. The main contributions are summarized as
follows:

1. An adaptive trajectory-assisted dynamic indoor localization algorithm, named AT-WKNN (Adaptive
Trajectory-assisted WKNN), is proposed. The algorithm leverages RSS fingerprinting to mitigate RSS
fluctuations, enhance neighbor retrieval quality, and ensure stable and accurate indoor localization.

2. AT-WKNN adopts a hybrid distance metric that integrates Manhattan distance and cosine similarity,
combined with the Hierarchical Navigable Small-World (HNSW) algorithm for efficient approximate
nearest neighbor search. In addition, an adaptive range constraint mechanism is introduced to further
refine candidate selection, improving both robustness and retrieval efficiency. This approach reduces
the sensitivity of a single metric to noise and alleviates the influence of outliers, thereby improving both
localization accuracy and efficiency.

3. A Kalman filter is tightly integrated into the localization pipeline to smooth the trajectory and
dynamically adjust the weights between predicted and observed data, effectively suppressing trajectory
jitter caused by RSS fluctuations and significantly improving the reliability of dynamic localization.

4. Experiments conducted on real-world RSS datasets demonstrate that, compared with the baseline
WKNN method, AT-WKNN improves localization accuracy by 43.0% and enhances efficiency by
6.90x, while significantly improving trajectory smoothness. Furthermore, validation on the large-scale
UJIIndoorLoc benchmark dataset confirms the scalability and generalization capability of the proposed
method in complex large-scale environments.
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2 Related Work

RSS fingerprint-based localization was first introduced by Paramvir Bahl and Venkata N. Padmanabhan
through the RADAR system, which achieved meter-level accuracy in office environments and laid the
foundation for subsequent research on WiFi fingerprinting [11]. This pioneering work achieved meter-level
accuracy in office environments and laid the foundation for subsequent research on WiFi fingerprinting.

A variety of RSS fingerprinting-based localization methods have since been developed, including
KNN [12], K-means [13], SVM [14], Random Forest (RF) [15], and neural networks [16]. Among these, the
KNN algorithm is widely adopted due to its simplicity, training-free nature, and relatively high accuracy. Its
extension, the weighted KNN (WKNN), introduces a weighting mechanism to further improve localization
performance. However, traditional WKNN relies on a single Euclidean distance metric to evaluate fingerprint
similarity, which may fail to fully capture the spatial and signal characteristics of fingerprints [17]. Recent
studies have further improved WKNN-based indoor positioning by incorporating adaptive weighting
strategies, enhancing localization accuracy and robustness in complex environments [18].

To enhance similarity measurement, numerous studies have proposed alternative distance metrics
and weighting schemes, such as feature scaling [19], frequency-weighted RSS [20], improved Manhattan
distance [21], AP variance-based weighting [22], combined Euclidean and physical distance [23], and signal
strength-based AP weighting [24]. Although these methods improve distance computation, most still rely
on a single metric and may not fully reflect fingerprint similarity.

Beyond distance refinement, range constraint techniques have been proposed to exploit the limited
movement between consecutive user positions. These techniques can be categorized into hard range con-
straints and soft range constraints. Hard range constraints filter out neighbors located outside a predefined
region based on previous estimates and user mobility, whereas soft range constraints assign weights according
to the distance from the previous position [25,26]. However, both approaches neglect localization errors in
previous estimates, which may lead to suboptimal neighbor selection.

Other improvements focus on weight computation and search strategies, including historical RSS
trend fusion [27], gradient descent-based exhaustive search [28], and motion state-adaptive window siz-
ing [29]. However, these methods either incur high computational costs or introduce latency due to motion

state detection.

Finally, trajectory smoothing methods have been widely applied in indoor localization to mitigate obser-
vation noise. Techniques such as particle filtering [30,31], Bayesian estimators [32], Kalman filtering [33],
and Long Short-Term Memory (LSTM)-based filtering [34] have been explored. While these approaches can
suppress noise and improve localization accuracy, they often require complex parameter tuning or suffer
from delayed adaptation to user movement. Recent studies have further explored deep learning-based indoor
localization, including Transformer-based models, which improve robustness and adaptability in complex
environments [35].

Overall, although existing methods have achieved significant progress in distance metrics through
weighted distance modeling [24], cosine similarity-based matching [17], and feature-scaling-based optimiza-
tion [19], as well as improvements in spatial constraint strategies and trajectory smoothing techniques, they
still face limitations in handling dynamic RSS fluctuations and efficiently generating stable trajectories. As
indoor localization evolves toward smart city IoT systems, methods are required not only to ensure accuracy
but also to consider computational efficiency and energy consumption. Therefore, designing lightweight and
efficient localization approaches has become an important research direction.



4 Comput Mater Contin. 2026;88(3):10

3 Preliminaries
3.1 RSS Fingerprinting

RSS is a key parameter in wireless communication systems that can be obtained in a simple and direct
manner. Due to its independence from signal bandwidth and wide availability across existing infrastructure,
RSS has become an attractive feature for indoor localization applications.

Assuming a fixed signal transmitter, the average RSS attenuation at different distances follows a
logarithmic relationship with respect to distance. In the simplest case, the RSS can be expressed as:

RSS = P, - K - 10alog, (d), (1)

where « is the path loss exponent, P; is the transmit power, d denotes the transmitter-receiver distance, and
K is a constant dependent on the propagation environment and carrier frequency.

In indoor environments, multiple Access Points (APs) are typically deployed. When a user device per-
forms localization, it can detect WiFi signals transmitted from multiple APs and measure the corresponding
RSS values. These RSS measurements from different APs form a vector, referred to as the RSS fingerprint.

For example, in an indoor scenario containing four APs (i.e., AP;, AP,, AP3, and AP,), where each
AP is equipped with a single transmitting antenna, the RSS fingerprint collected by a user device can be
represented as:

(RSS;, RSS,, RSS3, RSS,) . (2)

3.2 Hierarchical Navigable Small World Graphs

Hierarchical Navigable Small World (HNSW) graphs, proposed by Malkov and Yashunin [36] in 2018,
represent a state-of-the-art approximate nearest neighbor (ANN) search algorithm designed to address
performance bottlenecks in large-scale high-dimensional data retrieval. The core idea is based on the small-
world network property, where a hierarchical graph structure is constructed with sparse upper layers and
dense lower layers to enable efficient search. This design overcomes the limitations of traditional brute-force
matching, tree-based structures, and clustering-based methods in high-dimensional scenarios.

During the index construction phase, each data vector is randomly assigned a level, with most vectors
residing in the lower layers. In each layer, nodes are connected only to their nearest neighbors, and the
connectivity and construction quality are controlled by parameters M and e fconstruction- During the search
phase, a top-down greedy strategy is adopted: upper layers are used to quickly narrow down the search space,
while lower layers refine the candidate set. This process reduces the search complexity to approximately
O(log N), achieving high recall performance (typically above 95%) with millisecond-level query latency,
while maintaining strong adaptability to high-dimensional data and dynamic updates.

In our implementation, the HNSW parameters are set as follows: M =16, e fconstruction = 100, and
e fsearch = 50, which provide a good trade-off between retrieval accuracy and computational efficiency.

To evaluate the effectiveness of the HNSW-based retrieval, we measure the recall defined as the
proportion of true nearest neighbors successfully retrieved compared to exact search. Under these settings,
the HNSW algorithm achieves an average recall of approximately 96%, indicating high-quality approximate
nearest neighbor performance.

The conventional WKNN algorithm relies on brute-force vector matching, resulting in a time complex-
ity of O(N). As the fingerprint database scales due to large-area coverage and massive sample collection,
the retrieval time increases significantly, leading to poor real-time performance and becoming a major
bottleneck for large-scale deployment.



Comput Mater Contin. 2026;88(3):10 5

The characteristics of HNSW align well with these challenges. Its adaptability to high-dimensional data
handles dense AP deployments effectively, its efficient search capability maintains millisecond-level matching
even with millions of fingerprints, and its dynamic update capability allows local index updates without full
reconstruction. By replacing the brute-force search in traditional WKNN with HNSW-based indexing, the
proposed framework significantly improves localization efficiency without substantial loss of accuracy.

3.3 Kalman Filtering

The Kalman filter is a recursive algorithm that integrates a system model with observational data to
iteratively update the state estimate and provide an optimal estimation.

In indoor localization, user movement can be modeled as a dynamic system, where the observed
positions correspond to measurement values, and localization errors are treated as observation noise.
The Kalman filter dynamically adjusts the Kalman gain to balance the predicted state and the observed
measurements, thereby effectively reducing observation noise, smoothing the trajectory, and improving
localization accuracy. Fig. 1 illustrates the smoothing process.
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(1) Predict A 2 Update

K; =P, H'(HP H” + R)!

8, =F8_1+ Bu;
5 = 8; + Ki(2 — H5;)
P-=FP,_FT+Q
P, = (I - K:H)P;

\ =<

Figure 1: Kalman filter smoothing process.

In this work, the user state at time step ¢ consists of the position coordinates along the x-axis and y-axis,
as well as the velocity. The initial velocity is set to zero. The state evolves according to a linear motion model,
where process noise accounts for variations in velocity and direction. The observed position is modeled as a
measurement with additive noise.

The Kalman filter operates in two stages: prediction and update. In the prediction stage, the prior state
estimate is computed based on the previous state and the linear motion model. The covariance of the prior
estimate is also updated to account for process noise, which can be expressed as:

ét_ = Fé[_l + But_l, (3)

P, = FP,_F' +Q, (4)

where F is the state transition matrix, B is the control matrix, u;_; denotes the control input, and Q represents
the process noise covariance.

In this work, the process noise covariance matrix is set as Q = diag (0.01, 0.01, 0.1, 0.1) and the
measurement noise covariance matrix is set as R = diag (0.5, 0.5). These values are determined through
empirical tuning to balance prediction and observation, ensuring stable convergence and smooth trajec-
tory estimation.

In the update stage, the Kalman gain is computed as:
K, =P;H" (HP;H" +R) ", (5)

where H is the observation matrix and R denotes the measurement noise covariance.
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The posterior state estimate and covariance are updated as follows:

ét = ét_ + Kt (Zt - Hét_) N (6)
Pt = (I - KtH) Pt_’ (7)

where §; is the posterior state estimate, P; is the posterior error covariance, K; denotes the Kalman gain, z,
is the measurement vector, H is the observation matrix, and I is the identity matrix.

Through this recursive prediction-update cycle, the Kalman filter smooths the trajectory, suppresses
measurement noise, and provides a reliable estimate of user motion for subsequent localization.

It is worth noting that the Kalman filter requires a short initialization period to reach convergence.
During the initial stage, the estimation may be affected by higher uncertainty due to the initial state
assumptions. However, as sequential observations are incorporated, the filter rapidly converges to a stable
state. In our experiments, the convergence is typically achieved within a few time steps, and its impact on the
overall localization accuracy is negligible, as most positioning results are obtained after convergence, while
significantly improving trajectory smoothness and stability.

In addition, the constant velocity model is adopted for its simplicity and computational efficiency.
Although indoor pedestrian motion may involve changes in speed and direction, the primary role of the
Kalman filter in this work is to smooth short-term localization noise rather than to model complex motion
dynamics. Experimental results demonstrate that this assumption is sufficient to achieve stable and accurate
localization performance, while maintaining low computational overhead. More advanced motion models
may be explored in future work.

4 Proposed Method

In this section, the AT-WKNN algorithm is proposed, which is a high-accuracy and high-efficiency
trajectory-assisted adaptive RSS fingerprinting localization method. First, in the online localization stage, the
collected RSS fingerprint data are preprocessed through outlier removal and noise suppression. Meanwhile,
a portion of the data is separately reserved as a test dataset to support subsequent range constraint opera-
tions. Subsequently, a localization strategy integrating distance metrics and range constraints is developed.
Specifically, a hybrid similarity measure is constructed by combining Manhattan distance and cosine
similarity in a weighted manner. In addition, a candidate filtering mechanism based on range constraints is
introduced to enable precise selection of candidate reference points. Next, the HNSW algorithm is employed
to perform efficient nearest neighbor retrieval, replacing the brute-force search in the traditional WKNN
algorithm. This step produces an initial estimated trajectory, which inevitably contains a certain amount of
noise and errors. Finally, a Kalman filter is applied to smooth the noisy trajectory, effectively suppressing
localization fluctuations.

Through the above procedures, high-accuracy indoor localization with low computational cost is
achieved. The overall workflow of the proposed method is illustrated in Fig. 2.
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Figure 2: Algorithm flowchart.

The main notations used in this paper are summarized in Table 1.

Table 1: Main notations used in this paper.

Notation

Description

x e R?

D = {x;,RSS;} ¥,
RSS = [r, 12, ..., T\
K
d())
a€[0,1]

X
Nx
X
Zg

Spatial coordinate
Fingerprint database
RSS vector

Number of nearest neighbors

Distance metric
Weight coefficient
Estimated location

Neighbor set

Kalman state at time step k
Observation at time step k

4.1 RSS Fingerprint Database Preprocessing

RSS fingerprint data collected in indoor environments are susceptible to various factors, such as
multipath propagation, device hardware imperfections, and external electromagnetic interference. These
factors introduce outliers and random noise, which degrade the reliability of fingerprint data and ultimately
affect localization accuracy. Therefore, a two-step preprocessing strategy is adopted in this work, where
Hampel filtering is used for outlier removal and Gaussian filtering is applied for noise suppression, in order
to enhance the quality of the collected RSS fingerprint data.

Hampel filtering is a nonlinear filtering method based on statistical characteristics, which is particularly
effective for removing isolated outliers in data sequences. Its core idea is to identify and replace anomalous
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data points by measuring their deviation from the local neighborhood within a sliding window. This method
demonstrates strong performance in detecting outliers in normally distributed data while maintaining low
computational complexity, making it suitable for real-time preprocessing of RSS fingerprint data.

Assume that the collected RSS fingerprint sequence is denoted as X = [xy,x;,...,x,], where n
represents the length of the data sequence. The Hampel filtering process can be described as follows:

Step 1: Define a sliding window of size k, where each side of the window contains m = % data points.
Traverse each data point x; in the sequence (m +1<i < n—m).

Step 2: Compute the median value within the window:

Med = median (X, Xi—m+1> - - - > Xitm )> (8)

Step 3: Compute the median absolute deviation (MAD) within the window:

MAD = median (|x;_,, — Med|, |x;— 41 — Med|, ..., |xi1m — Med|), 9)

Step 4: Compute the threshold for outlier detection:
T = 3 x 1.4826 x MAD, (10)

where 1.4826 is the scale factor that converts the median absolute deviation (MAD) to the standard deviation
under the assumption of a normal distribution, and 3 is an empirical threshold coefficient.

Step 5: Determine whether each data point is an outlier:

|x; — Med| > T. (11)

If the above condition is satisfied, x; is identified as an outlier and is replaced by the median value Med;
otherwise, the original data point is retained.

The core formulation of the Hampel filter can be expressed as:

(12)
Xi, otherwise

) {Med, lx; — Med| > 3 x 1.4826 x MAD
Xl = .
After outliers are removed by Hampel filtering, a small amount of random Gaussian noise may still
remain in the RSS data. Therefore, Gaussian filtering is further applied to smooth the data.

Gaussian filtering is based on the principle of weighted averaging using a Gaussian function. By
performing a weighted summation over the neighboring data points of each sample, it effectively suppresses
high-frequency noise while preserving the underlying trend of the original data, thereby avoiding the loss of
fingerprint information caused by over-smoothing.

Assume that the window size of the Gaussian filter is 2s + 1. The Gaussian weights corresponding to each
data point are computed using a two-dimensional Gaussian function, whose core formulation is given by:

1 u? +v?
G(u,v) = 53 CXP (— ), (13)

202

where (u,v) denotes the coordinate offset of the data points in the window relative to the central data point,
and o is the standard deviation of the Gaussian function, which determines the smoothing degree of the
filtering. A larger o results in a stronger smoothing effect but may lead to the loss of data details; conversely,
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an excessively small o leads to poor noise suppression performance. In this paper, o = 1.5 is determined
through experiments to balance noise suppression and data fidelity.

The RSS sequence X = [x, %2, . .., x, ] after Hampel filtering is processed by Gaussian filtering, with the
specific steps as follows: traverse each data point in the sequence, construct a sliding window centered at this
point, calculate the Gaussian weight of each data point in the window according to the above formula, and
perform weighted summation on the data in the window to obtain the final filtered data point x!’, namely:

x,, Zj:—s G(O’])le+] (14)

L X G(0,))

To validate the effectiveness of the proposed preprocessing strategy, a comparative analysis is conducted
among the original RSS fingerprint data, the data after Hampel filtering, and the data after Gaussian filtering.
The preprocessing results are illustrated in Fig. 3.
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Figure 3: Noise and outlier removal from RSS sequences.

4.2 Localization Strategy with Hybrid Distance Metric and Adaptive Range Constraint

The traditional WKNN algorithm relies on a single distance metric to evaluate fingerprint similarity
during candidate selection. However, it is highly susceptible to RSS fluctuations caused by dynamic indoor
environments, which may lead to mismatched fingerprints and degraded localization accuracy. Moreover,
a single distance metric is insufficient for filtering out invalid samples, resulting in an excessive number of
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candidate points and significantly increasing the computational cost of subsequent nearest neighbor search,
thereby reducing real-time performance.

To address these issues, this section proposes a dual-optimization localization strategy that integrates a
hybrid distance metric with adaptive range constraints. By leveraging multi-dimensional similarity evalua-
tion, the proposed method improves matching accuracy, while range constraints are employed to filter out
irrelevant samples. This enables precise candidate selection and enhances computational efficiency, laying a
solid foundation for subsequent nearest neighbor retrieval.

Specifically, a hybrid distance metric is constructed by combining Manhattan distance and cosine
similarity in a weighted manner, taking into account both the absolute differences and the trend consistency
of RSS fingerprints, thereby improving robustness and matching accuracy. The Manhattan distance is used
to capture the absolute numerical differences between RSS fingerprint vectors. It is computationally simple
and less sensitive to local outliers, effectively reflecting quantitative differences in RSS values across locations.
In contrast, cosine similarity measures the trend consistency between fingerprint vectors, focusing on the
variation patterns rather than absolute magnitudes, which makes it robust against RSS shifts caused by
environmental dynamics. By integrating these two metrics, their complementary advantages are exploited
to construct a comprehensive similarity measure, which is defined as follows:

D;; = a - Manhattan (x/,x;) + (1- «) - (1- Cos (x/, x;)), (15)

where Dj; denotes the composite distance between the preprocessed optimized fingerprint x|’ and the
training sample x; in the fingerprint database. A smaller D;; indicates a higher similarity between the two
fingerprints, corresponding to a better position matching performance.

« is the weight coeflicient used to balance the contributions of the Manhattan distance and cosine
similarity. In this work, « is set to 0.6 based on empirical evaluation. To further evaluate the impact of the
weight coefficient «, a sensitivity analysis is conducted by varying a within the range [0.3, 0.9]. The results
are shown in Fig. 4. As « increases from 0.3 to 0.6, the localization error decreases and reaches the minimum
at a = 0.6. When « continues to increase beyond 0.6, the localization error gradually increases. In addition,
the performance remains relatively stable within the range of 0.4 to 0.7, indicating that the proposed method
is not highly sensitive to the exact value of . These results demonstrate that « = 0.6 provides a good balance
between the Manhattan distance and cosine similarity components.

1.05 4

1.00 1

0.95 1 /
[ )
\ o
° 0.6, MPE=0.89 m
0.90 ~— %

0.3 0.4 0.5 0.6 0.7 0.8 0.9
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Figure 4: Sensitivity analysis of the weight coefficient « on localization accuracy.
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This value ensures the dominant role of absolute numerical differences while taking into account
the auxiliary optimization effect of trend consistency. Manhattan(-) is the Manhattan distance calculation
function, and Cos(-) is the cosine similarity calculation function. Since the value range of cosine similarity
is [0,1],1— Cos(-) is used to convert it into a distance metric, unifying the dimensions of the two indicators
and ensuring the rationality and effectiveness of the fusion formula.

4.3 Range Restriction Mechanism for Candidate Optimization

Secondly, a candidate selection filtering mechanism based on range constraints is introduced to further
optimize the candidate set and reduce invalid calculations. This mechanism takes the positioning range
model constructed from the test dataset as the core basis, combining the physical boundaries in the indoor
space and the distribution characteristics of RSS fingerprints. Two dual constraint conditions are established:

1.  Comprehensive distance threshold Dy,: By statistically analyzing the comprehensive distance distribu-
tion of normal samples in the test dataset, Dy, is set to the mean value plus one standard deviation to
ensure that only samples with high similarity are retained.

2. Spatial range constraint: Based on the position information of samples in the fingerprint database, a
reasonable spatial range is defined as a circular region centered at the previously estimated position,
with an adaptive radius given by

r = vAt + upperquartile(e), (16)

where v denotes the average walking speed (set to 1.4 m/s, corresponding to a typical pedestrian walk-
ing speed in indoor environments), At is the time interval between consecutive localization steps, and
upperquartile(e) represents the upper quartile of the localization error. This formulation jointly considers
motion continuity and localization uncertainty, enabling robust candidate filtering.

Through the dual constraints, only fingerprint samples with a comprehensive distance D;; < Dy, and
within the reasonable spatial range are retained as candidate nearest neighbors. This mechanism not only
effectively eliminates invalid samples and abnormal matching samples outside the actual positioning area,
but also adaptively constrains the candidate search region based on motion and uncertainty, significantly
reducing the computational overhead of nearest neighbor search while improving the overall quality of
candidates. The schematic diagram of the range restriction mechanism is shown in Fig. 5.

10 - =
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8 Q ¥ Previous Position
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6 O O o
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O 0 @)
(@) (@)
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Figure 5: Schematic diagram of range limiting mechanism.
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4.4 Efficient Nearest Neighbor Retrieval Based on HNSW

After candidate point selection, nearest neighbor retrieval is required to identify the samples that best
match the current RSS fingerprint, thereby enabling the estimation of an initial localization trajectory.

In the traditional WKNN algorithm, a brute-force search is performed by traversing all candidate points,
computing distances individually, and selecting the nearest neighbors. When the number of candidate points
is large, the time complexity increases significantly, reaching O(N), which makes it difficult to meet the
real-time requirements of indoor localization.

To address this issue, the HNSW algorithm is employed to replace the conventional brute-force search.
By leveraging an efficient hierarchical graph-based retrieval mechanism, HNSW enables fast nearest neigh-
bor matching among candidate points. This approach significantly improves computational efficiency while
maintaining high retrieval accuracy, thereby allowing rapid acquisition of the initial estimated trajectory.

The HNSW algorithm is an ANN search method based on a hierarchical graph structure. Its core
advantage lies in achieving a balance between retrieval accuracy and efficiency through the construction of
multi-layer graph structures.

Specifically, the algorithm builds multiple levels of graphs. The bottom layer is a fully populated graph
containing all candidate points, where each node is connected to several neighboring nodes with high
similarity. As the hierarchy ascends, the graph becomes increasingly sparse. The top layer contains only a
small subset of nodes, preserving only the most significant connections between highly similar nodes.

The search process follows a top-down strategy. It starts from the top layer, where candidate nodes
that are most similar to the target fingerprint are quickly identified. Guided by these candidates, the search
progressively descends to lower layers, refining the candidate set at each level. Finally, precise nearest
neighbors that best match the target fingerprint are identified in the bottom layer.

This hierarchical search strategy eliminates the need to traverse all candidate points and instead
localizes the search region through successive filtering. As a result, the time complexity can be reduced
to approximately O(log N), which is significantly lower than the O(N) complexity of brute-force search.
Meanwhile, by optimizing the graph connectivity, HNSW achieves retrieval accuracy close to that of
brute-force methods, thereby satisfying the accuracy requirements of indoor localization while maintaining
high efficiency.

4.5 Trajectory Smoothing Based on Kalman Filtering

To effectively suppress localization jitter, correct trajectory deviations, and improve the stability and
accuracy of localization results, a Kalman filter is employed to smooth the initially estimated trajectory,
thereby eliminating random noise interference.

The Kalman filter is a recursive optimal estimation algorithm based on linear state-space models. Its
key advantage lies in its ability to provide optimal estimates without requiring prior knowledge of noise
statistics. Through an iterative prediction-update process, it can effectively handle noisy data with relatively
low computational complexity and strong real-time capability, making it well-suited for trajectory smoothing
in dynamic indoor localization scenarios. Compared with traditional filtering methods, the Kalman filter
preserves the true motion trend of the trajectory while effectively suppressing random noise, avoiding the
lag effects caused by over-smoothing, and thus better adapting to dynamic movements of indoor users
or devices.

In the proposed trajectory smoothing framework, the initially estimated trajectory points are treated as
observations. By incorporating the motion characteristics of the target, the state equation and observation
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equation are constructed, and trajectory optimization is achieved through iterative computation. The core
steps are summarized as follows:

(1) State Prediction: Based on the optimal trajectory point obtained at the previous time step, the current
state is predicted using the motion model. Meanwhile, the error covariance matrix is updated to reflect
the uncertainty of the prediction.

(2) State Update: The predicted trajectory point at the current time step is treated as the observation.
The Kalman gain is computed according to the observation model, and the predicted state is then
corrected using the Kalman gain to obtain the optimal trajectory estimate. The error covariance matrix
is subsequently updated for the next iteration.

Through the smoothing effect of the Kalman filter, random noise and localization jitter in the initial
trajectory can be effectively suppressed, while preserving the true motion trend. This further improves the
localization accuracy and stability of the proposed algorithm.

5 Experiments and Results
5.1 Experimental Setup and Dataset Description

To further evaluate the adaptability and stability of the proposed localization scheme under different
indoor environments, four experimental scenarios are designed for comparative experiments, ensuring the
generality of the experimental results. Scenarios 1 and 2 are self-collected small-scale indoor environments,
while Scenarios 3 and 4 are constructed based on the publicly available UJIIndoorLoc benchmark dataset to
validate the scalability of the proposed algorithm in large-scale environments.

Scenario 1 represents a typical office environment, with an experimental area of approximately 10 x 10 m.
The area contains common indoor furniture such as desks, chairs, storage cabinets, and air conditioners. In
addition, interference from unrelated access points (APs) and a moderate level of human activity are present.
This setup effectively simulates practical indoor localization conditions in daily office environments, ensuring
the applicability of the experimental results.

Scenario 2 represents a complex indoor environment with severe obstructions. The experimental area
remains the same as in Scenario 1. However, additional large obstacles such as bookshelves and filing
cabinets are introduced. Furthermore, the interference from unrelated APs is intensified, and the frequency
of human activity is increased. This scenario is designed to simulate highly obstructed and dynamic indoor
environments, thereby evaluating the robustness and stability of the localization scheme under complex
interference conditions.

The experimental deployment is kept consistent across both scenarios to ensure the comparability of
results. Prior to the experiments, reference point calibration and AP deployment are conducted. The spacing
between reference points directly affects both experimental efficiency and localization accuracy: a smaller
spacing increases the workload of constructing the RSS fingerprint database in the offline phase, whereas
a larger spacing reduces localization accuracy. Considering the 10 x 10 m experimental area, the spacing
between reference points is set to 1 m in both scenarios.

In RSS fingerprint-based localization, at least three APs are required for effective positioning. Con-
sidering data collection accuracy, device compatibility, and cost efficiency, three APs are deployed in each
scenario. The ESP8266 NodeMCU development board is used as both the AP device and RSS data acquisition
unit. These devices are placed on different tables within the experimental area to ensure comprehensive and
uniform signal coverage.
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To construct the test dataset and evaluate localization performance, multiple test points are arranged
at intervals of 0.5 m within the environment. Some test points coincide with reference points, enabling
comparative analysis of localization error and fingerprint matching accuracy under different scenarios.

To further evaluate the scalability of the proposed algorithm in large-scale environments, Scenarios 3
and 4 are constructed based on the publicly available UJIIndoorLoc benchmark dataset [37]. The UJIIndoor-
Loc database covers three buildings of Universitat Jaume I, Spain, with 4 or more floors and a total area of
approximately 110,000 m?. It comprises 19,937 training records and 1111 validation records with 520 detected
Wireless Access Points (WAPs), collected by more than 20 users using 25 Android devices, and is one of the
most widely adopted benchmark datasets in the indoor localization community.

In this work, each floor is treated as an independent 2D localization scenario, consistent with the
positioning framework adopted in Scenarios 1 and 2. Scenario 3 corresponds to Building 2, Floor 1 of
the UJlIndoorLoc dataset, representing a large-scale open corridor and office environment. Scenario 4
corresponds to Building 2, Floor 2, featuring a more heterogeneous spatial layout with higher structural
complexity. Building 2 is selected because its per-floor sample density is the highest among all three buildings
in the dataset. For both scenarios, the RSS value of +100 dBm used in UJIIndoorLoc to indicate an undetected
WAP is replaced with —105 dBm prior to preprocessing, following common practice in the literature. Only
WAPs with at least one valid detection across all samples are retained to reduce input dimensionality. The
retained training records are split into training and test subsets using a 70:30 ratio.

It should be noted that although the training sample counts of Scenarios 3 and 4 are slightly lower than
those of Scenarios 1 and 2, the test sample counts are substantially larger (649 and 474 vs. 100), providing
greater statistical power for performance evaluation. Furthermore, the significantly higher AP dimension-
ality (161 and 149 vs. 3) and the much larger spatial coverage represent a considerably more challenging
localization environment, further demonstrating the generalization capability of the proposed method.

The main parameters of all four experimental scenarios are summarized in Table 2.

Table 2: Parameter settings of the four experimental scenarios.

Parameter Name Scenario 1 Scenario 2 Scenario 3 Scenario 4
UJlIndoorL UJIIndoorL
Data source Self-collected Self-collected (IBIE. 2(’)(1);1. l;)c (]Bl:ll. 2(’);;. 2())C
Area size 10m x 10 m 10m x 10 m 104.8m x112.4m 102.1m x 105.5 m

Conventional low

. furniture, 4 sets of
Desks, chairs,

i 1.8 m-high Corridors, offices, Corridors, offices,
Indoor obstacles storage cabinets,
air conditioners bookshelves, 6 sets labs labs
of 1.5 m-high file
cabinets
. Unrelatec.l AP . 85--75 dBm 565 dBm M.1xed' M.1xed.
interference intensity (multi-device) (multi-device)
Human activity . . Crowdsourced Crowdsourced
2~3 le/10 5~6 le/10
frequency people/10 min people/10 min (18 users) (18 users)
AP deployment height 1.2m 1.2m — —

(Continued)
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Table 2 (continued)

Parameter Name Scenario 1 Scenario 2 Scenario 3 Scenario 4
transrﬁfszziiiiower 15dBm 15dBm o o
AP count 3 3 161 149
Training samples 1920 1920 1513 1103
Test samples 100 100 649 474

The ESP8266 NodeMCU development board (IEEE 802.11b/g/n) is used as both the AP device and RSS
data acquisition unit, featuring low power consumption and ease of deployment, making it well-suited for
constructing the RSS fingerprint database in this study.

The experiment requires the collection of three types of data: (1) data for constructing the RSS
fingerprint database; (2) a test dataset for simulating localization error estimation; and (3) a test dataset for
evaluating localization accuracy.

During the construction of the RSS fingerprint database, the operator carries a data acquisition device
and traverses all reference points. At each point, 30 RSS fingerprints are collected at a sampling rate of 1 Hz.
These fingerprints, along with their corresponding coordinates, are stored in the fingerprint database. After
preprocessing, the database is utilized in the online localization phase.

During the test dataset construction phase, the operator moves randomly among predefined coor-
dinate points while carrying the acquisition device, simultaneously collecting RSS fingerprints and their
corresponding ground-truth positions. In this study, two independent test datasets are constructed, each
containing 100 RSS fingerprint samples.

The first dataset is used to analyze the distribution characteristics of localization errors based on the
WKNN algorithm, and to determine a reference threshold for the localization error constraint radius in
subsequent models; this dataset is referred to as the localization error simulation dataset. The second dataset
is specifically used to quantitatively evaluate the average localization error of the proposed method and is
referred to as the localization error evaluation dataset.

In this experiment, the size of the RSS fingerprint database is 1920 x 5, while each of the two test datasets
has a size 0of 100 x 5. Each fingerprint sample consists of three RSS values, and each data record contains one
RSS fingerprint vector and two coordinate values.

5.2 Evaluation Metrics

To comprehensively evaluate the performance of the proposed positioning algorithm, several quantita-
tive metrics are adopted in this paper, including the mean position error (MPE), mean running time (MRT),
median absolute error (MedAE), root mean squared error (RMSE), cumulative distribution function (CDF),
and box plot analysis. Comparative evaluations are conducted from three perspectives: average error level,
probability distribution characteristics, and error dispersion features.

The mean position error reflects the overall positioning accuracy of the algorithm, which is defined as
the average positioning error over all test samples. The corresponding calculation formula is given in Eq. (17):

12
MPE = —Z\/(xi—fc,»)2+(y,-—j/i)2, (17)
nia
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where 1 denotes the number of test points, (X;, y;) represents the i-th predicted coordinate, and (x;, y;) is
the i-th ground-truth coordinate.

The CDF is used to describe the probability that a random variable is less than or equal to a specific
value. In indoor positioning, the CDF is commonly adopted to represent the proportion of test samples
with positioning error less than a given error threshold, relative to the total number of test samples. Its
mathematical expression is defined as:

Frz(e) =P(E<e), (18)

where E denotes the random variable of the positioning error distance for all test samples, and P(E < e)
represents the probability that the positioning error is less than e.

As an intuitive statistical visualization tool, the box plot can clearly display the central tendency, dis-
persion degree, and outlier distribution of positioning errors. In this paper, the upper and lower boundaries
of the box in the box plot correspond to the upper quartile and lower quartile of the positioning errors,
respectively. The height of the box is the interquartile range (IQR), which reflects the concentration degree
of the errors. The horizontal line inside the box is the median of the positioning errors, representing that
approximately 50% of the test samples have positioning errors less than this value. The whiskers extending
from the box cover the data points within the interval [Q1 — 1.5 x IQR, Q3 + 1.5 x IQR], and the endpoints of
the whiskers are the minimum and maximum error values within this interval. The scattered points outside
the whiskers are extreme positioning errors beyond the normal fluctuation range, which can reflect the
deviation of the algorithm in a small number of scenarios.

5.3 Ablation Experiment

To ensure the rigor and comparability of the experiments, this study designs 5 groups of comparative
models to systematically verify the contribution of each core module in the proposed AT-WKNN algorithm.
Among them, Model M1 is the classic WKNN algorithm, which is adopted as the baseline method; Model
M5 is the complete AT-WKNN algorithm, serving as the final benchmark scheme; Models M2 to M4
are simplified versions obtained by sequentially removing the core modules, and the performance gain
of each module to the overall system is quantified through a “step-by-step decomposition” approach. All
models adopt a unified data preprocessing pipeline, including WiFi fingerprint database construction, signal
strength normalization, and outlier filtering, to eliminate the interference of preprocessing differences on the
experimental results. The specific design is shown in Table 3.

Table 3: Ablation experiment setup.

No. Model Name Description

M1 Baseline Model (Control Retains the traditional single Euclidean distance
Group) and only uses the brute-force search algorithm

M2 Fusion Distance Model Replaces the Euclidean distance in the WKNN

algorithm with the proposed fusion distance

Adds the range restriction mechanism based on

M3 RLWKNN Model M2

(Continued)
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Table 3 (continued)

No. Model Name Description
Replaces the brute-force search algorithm with the
Md HLWKRNN HNSW algorithm based on Model M3
M5 AT-WKNN (Complete Smooths the positioning trajectory using the
Algorithm) Kalman filter based on Model M4

The experimental results are shown in Fig. 6. In this experiment, a bar chart is used to visually compare
the core performance metrics of the five models M1 to M5. The blue bars represent the MPE in meters (m),
which reflects the positioning accuracy of the model; the orange bars represent the MRT in milliseconds
(ms), which reflects the computational efficiency and real-time performance of the model. All experimental
data are the average values after 10 repeated tests, with a unified experimental environment and parameter
configuration, ensuring the objectivity and comparability of the results.
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Figure 6: Comparison chart of positioning error and effect for M1-M5.

From the visualization results, two significant trends can be clearly observed. First, from the baseline
model M1 to the complete AT-WKNN model M5, the MPE exhibits a consistent and substantial decreasing
trend, demonstrating the incremental contribution of each optimization module to localization accuracy.
Second, the MRT shows a staged variation pattern of “initially stable, then sharply decreasing, and finally
slightly increasing,” eventually stabilizing within the threshold required for real-time localization. Overall,
the AT-WKNN algorithm achieves a dual optimization in both accuracy and efficiency, indicating strong
potential for practical deployment.

The mean positioning error (MPE) is defined as the average Euclidean distance between the estimated
positions and the corresponding ground-truth locations. The experimental results show a clear decreasing
trend in MPE across the models. Specifically, M1 (baseline WKNN) achieves an MPE of 1.56 m, which
is progressively reduced to 1.36 m (M2), 1.15 m (M3), 1.04 m (M4), and finally 0.89 m (M5). Com-
pared with the baseline WKNN method, this corresponds to an improvement of approximately 43.0% in
positioning accuracy.

The performance gain from MI to M2 is mainly attributed to the introduction of the hybrid distance
metric, which improves fingerprint matching accuracy by integrating Manhattan distance and cosine
similarity, thereby reducing the initial localization bias. The improvement from M2 to M3 demonstrates
the effectiveness of the range constraint module, which filters out invalid samples and mitigates the impact



18 Comput Mater Contin. 2026;88(3):10

of noisy data. The small performance difference between M3 and M4 indicates that the HNSW-based
nearest neighbor retrieval module primarily enhances computational efficiency rather than localization
accuracy. The most significant improvement is observed from M4 to M5, owing to the Kalman filter-based
trajectory smoothing module, which effectively suppresses trajectory jitter and minor deviations, enabling
the proposed method to achieve high-precision indoor localization.

The MRT of each model exhibits a notable staged decreasing trend: Ml requires 68.3 ms, M2 remains
nearly unchanged at 67.9 ms, M3 decreases to 35.6 ms, M4 sharply drops to 8.9 ms, and M5 slightly increases
to 9.9 ms. This corresponds to an overall reduction of 85% compared with M1, ultimately satisfying real-time
localization requirements. Specifically, the similar runtime of M1 and M2 indicates that the hybrid distance
metric introduces negligible computational overhead. The reduction from M2 to M3 (47.6%) results from
the range constraint module, which significantly reduces the number of candidate points. The transition
from M3 to M4 represents the core efficiency improvement, where the HNSW module reduces the search
complexity from O(N) to O(log N), enabling real-time performance. The slight increase of approximately
1 ms from M4 to M5 indicates that the Kalman filtering process incurs minimal computational overhead
while improving accuracy.

Based on the quantitative analysis of localization results, it can be concluded that the AT-WKNN
algorithm achieves a significant breakthrough in both localization accuracy and computational efficiency
through the synergistic integration of four key modules: hybrid distance metric, range constraint, HNSW-
based efficient nearest neighbor retrieval, and Kalman filter-based trajectory smoothing.

To further validate the effectiveness of the Kalman filter-based trajectory smoothing module, a straight-
line indoor movement trajectory is selected as the test case. The target moves uniformly from coordinates
(1.0,1.0) to (10.0,1.0), during which 100 RSS fingerprint samples are continuously collected. The trajectories
generated by M4 (without Kalman filtering) and M5 (with Kalman filtering) are compared with the ground-
truth trajectory in terms of accuracy and smoothness.

Furthermore, trajectory visualization is conducted in two scenarios. Scenario 1 consists of a regular
rectangular path, reflecting the continuity of localization under stable motion conditions. Scenario 2 involves
a complex path with multiple turns, used to evaluate the smoothing capability and tracking stability under
dynamic motion conditions.

Fig. 7 further shows the comparison between the positioning trajectories and the ground-truth tra-
jectories of the two models. The original positioning results present an obvious scattered distribution near
the real trajectory, and are prone to large positioning deviations especially at the turning positions. After
Kalman filtering, the estimated trajectory can fit the real motion path more smoothly, significantly reducing
the random jitter while ensuring the continuity of the trajectory. In particular, in the complex path scenario
of Scenario 2, the Kalman filter can effectively alleviate the jump problem of positioning points, making the
final trajectory more consistent with the real movement trend.

The experimental results show that introducing the Kalman filter trajectory smoothing module can
effectively improve the stability and continuity of positioning results without changing the structure of the
original positioning algorithm, thus providing more reliable position estimation for subsequent dynamic
positioning and trajectory analysis.
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Figure 7: Comparison of trajectories before and after Kalman filtering.

5.4 Indoor Localization Performance Evaluation

To evaluate the localization performance of the proposed AT-WKNN algorithm across both small-scale
and large-scale environments, different baseline methods are selected for the two groups of scenarios. For
Scenarios 1 and 2, five methods are compared: KNN, WKNN, Random Forest (RF), Deep Learning (DL),
and the proposed AT-WKNN, consistent with the original experimental setup. For Scenarios 3 and 4, four
methods are compared: WKNN, Convolutional Neural Network-based localization (CNN), LSTM-based
localization (LSTM), and the proposed AT-WKNN. The CNN-based method employs a fully-connected
residual network that extracts spatial features from RSS fingerprint vectors for position estimation. The
LSTM-based method combines Multi-Layer Perceptron (MLP)-based feature extraction with sequence
modeling to capture the structural characteristics of RSS fingerprints. Both deep learning models are trained
with the Adam optimizer using a learning rate of 1 x 10~ and a batch size of 32, with early stopping applied
to prevent overfitting.

The localization errors of different algorithms are presented in Tables 4 and 5. The statistical results
indicate that the traditional KNN algorithm exhibits relatively low positioning accuracy, with overall large
errors. The WKNN algorithm, which incorporates a weighting mechanism, and the RF algorithm based
on ensemble learning, reduce the localization error to some extent and outperform KNN; however, there
remains considerable room for improvement.

Table 4: Localization errors of five methods in Scenarios 1 and 2.

Scenario Metric AT-WKNN DL RF WKNN KNN

Scenario 1 MPE 0.89 m 1.296 m 1.333 m 1187 m 1.706 m
MPE 1.25m 1.48 m 1.56 m 1.580 m 1.900 m

Scenario 2 MedAE 1.226 m 1.439 m 1,559 m 1.618 m 1,902 m

RMSE 1.307 m 1.555m 1.629 m 1.635m 1.964 m
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Table 5: Localization errors of four methods in Scenarios 3 and 4.

Scenario Metric AT-WKNN CNN LSTM WKNN
MPE 2234 m 3.526 m 4116 m 2763 m
Scenario 3 MedAE L2 m 2,938 m 3.445 m 1575 m
RMSE 4.095 m 4.406 m 5537 m 4743 m
MPE 1.941 m 2.848 m 3.067 m 2.767 m
Scenario 4 MedAE 0.891 m 2324 m 2546 m 1.289 m
RMSE 4648 m 3.588 m 3.843 m 6.698 m

Benefiting from its strong feature extraction and fitting capabilities, the DL approach further improves
localization accuracy, achieving significantly lower errors compared with traditional machine learning
methods.

To further validate the scalability and generalization capability of the proposed algorithm, experiments
are conducted on Scenarios 3 and 4 derived from the large-scale UJIIndoorLoc benchmark dataset. In
both large-scale scenarios, AT-WKNN achieves the lowest MPE and MedAE among all compared methods.
Specifically, in Scenario 3, AT-WKNN achieves an MPE of 2.234 m and a MedAE of 1.112 m, outperforming
WKNN (2.763 m), CNN (3.526 m), and LSTM (4.116 m). In Scenario 4, AT-WKNN achieves an MPE of
1.941 m and a MedAE of 0.891 m, representing improvements of 29.8% and 30.9% over WKNN in MPE and
MedAE, respectively.

It is worth noting that while AT-WKNN achieves the lowest MPE and MedAE in Scenario 4, its RMSE
(4.648 m) is slightly higher than that of CNN (3.588 m) and LSTM (3.843 m). This is attributed to a small
number of test samples with relatively large localization errors that disproportionately elevate the RMSE.
The median error of AT-WKNN (0.891 m) is substantially lower than that of CNN (2.324 m) and LSTM
(2.546 m), confirming that the error distribution of AT-WKNN is more concentrated and the majority of its
localization results are more accurate.

Regarding the deep learning baselines, the CNN-based method achieves reasonable accuracy across
Scenarios 3 and 4 through effective residual feature extraction. The LSTM-based method achieves competi-
tive performance with MPE values of 4.116 and 3.067 m in Scenarios 3 and 4, respectively. However, both deep
learning methods require substantially more computational resources and training time compared to AT-
WKNN. In contrast, AT-WKNN achieves superior localization accuracy without requiring GPU resources,
maintaining a lightweight and efficient computational profile that is well-suited for energy-constrained
IoT deployments.

To provide a more intuitive comparison of the performance differences among these algorithms, CDF
curves and box plots are employed for visualization and analysis in the following section.

As shown in Fig. 8, the CDF of the proposed algorithm rises more rapidly than those of the other
methods, indicating that its positioning errors are more concentrated within a smaller range, thereby
achieving higher localization accuracy.
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Figure 8: CDF curves of five localization algorithms in Scenarios 1 and 2.

To further evaluate the stability and consistency of the localization results, Fig. 9 presents the boxplots
of positioning errors for five algorithms in Scenarios 1 and 2. It can be observed that AT-WKNN outperforms
the other methods across several key statistical metrics. Specifically, its whiskers are significantly shorter,
indicating a narrower error range and reduced variability. Moreover, the upper quartile (Q3), median, and
lower quartile (Ql) are all at lower levels, suggesting that most localization errors are smaller and more
tightly distributed. In addition, AT-WKNN exhibits fewer and less extreme outliers, further demonstrating
its superior stability and robustness in dynamic environments.
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Figure 9: Boxplot comparison of five positioning algorithms in Scenarios 1 and 2.

The CDF curves and boxplots for Scenarios 3 and 4 are presented in Figs. 10 and 11, respectively. As
shown in Fig. 10, the CDF curve of AT-WKNN rises most steeply in both scenarios, confirming that its
positioning errors are more concentrated within a smaller range compared to all other methods. The boxplot
results in Fig. 11 further illustrate that AT-WKNN achieves the lowest median error and the narrowest
interquartile range across both large-scale scenarios, demonstrating its robustness and consistency under
complex, high-dimensional indoor environments.
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Figure 10: CDF curves of four localization algorithms in Scenarios 3 and 4.
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Figure 11: Boxplot comparison of four positioning algorithms in Scenarios 3 and 4.

Based on the comprehensive analysis results of the mean position error, cumulative distribution of
errors, and dispersion of error distribution, the proposed AT-WKNN algorithm demonstrates significant
performance advantages in complex and dynamic indoor positioning scenarios, as well as in large-scale
benchmark environments. The consistent superiority of AT-WKNN across all four scenarios fully verifies its
generalization capability and practical applicability for large-scale indoor localization deployments.

6 Conclusion

This paper presents AT-WKNN, an adaptive trajectory-aided dynamic indoor positioning algorithm
based on RSS fingerprints, which enables high-precision and high-efficiency positioning in dynamic indoor
environments. By integrating adaptive neighbor selection, efficient retrieval, and trajectory optimization
mechanisms, the proposed approach achieves a coordinated improvement in both localization accuracy
and computational efficiency. Experimental results demonstrate that the algorithm outperforms baseline
methods in both positioning accuracy and runtime efficiency, while maintaining strong robustness against
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device imperfections, environmental variations, and human interference. The method requires no additional
hardware, featuring low cost and low computational complexity, making it well-suited for large-scale and
energy-sensitive IoT deployments.

Furthermore, experiments conducted on the large-scale UJIIndoorLoc benchmark dataset demonstrate
that AT-WKNN maintains competitive performance against CNN-based and LSTM-based deep learning
methods, validating its scalability and practical applicability in large-scale environments.

It should be acknowledged that the constant velocity assumption of the Kalman filter and the limited
scale of self-collected scenarios are existing shortcomings of this work. Future work will explore more
advanced motion models, larger deployment environments, and multi-modal sensing technologies to further
enhance system performance.
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