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Abstract. In many data-driven applications in engineering and scientific fields, accurately locating sensor nodes is crucial for
the reliability and performance of wireless sensor networks. This paper systematically compares the performance of two
excellent state estimation algorithms and studies their application in sensor localization. This study used real datasets and
synthetic datasets to evaluate various metrics. These metrics include convergence speed, root mean square error, mean
absolute error, robustness to noise and node failures, computational cost, and scalability. Experimental results show that
both methods achieved sub-meter accuracy in low-noise environments. In high-noise, multipath, and irregular sensor data
conditions, particle filters are generally more effective than Kalman filters. Compared to the Kalman filter, particle filters can
reduce localization errors by 15% to 30% in high-noise environments. Even with more than 40% of the sensor nodes failing,
they can still operate normally. The aforementioned advantages come with higher computational costs and memory usage,
making them unsuitable for all-weather system design. This study conducted an in-depth analysis of the advantages and
disadvantages of each algorithm and demonstrated the application scenarios of complex sensor networks. This study
provides a reference point for selecting suitable decentralized estimation methods for industrial and scientific applications.
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Introduction

With the expansion of wireless sensor networks (WSN), many new data-driven system operation modes have
begun to appear in various fields, such as environmental monitoring, smart factories, and smart city construction
[1]. Sensor nodes are distributed within these networks to collect and transmit spatial and temporal data,
enabling advanced situational awareness and analysis [2]. The effectiveness of the sensor system depends on
the precise location of each sensor node. If this is not done, the sensor system will not be able to process the
collected data and use it for routing, data fusion, etc. [3] Due to various propagation conditions, unstable
communication links, and severe energy and computational constraints, localization becomes very difficult [4].
Traditional methods cannot solve difficult problems, such as non-line-of-sight, dynamic interference, and
multipath effects [5]. With the increasing demand in the fields of engineering and science for large-scale, real-
time, and robust sensor networks, high-performance sensor localization algorithms are now being used to locate
sensors [6]. By accurately setting the location of the collected data, an intelligent, independent, and distributed
system can be established [7]. Therefore, further research in this field will provide theoretical and practical
support to advance the development of next-generation sensor technology [8].

Recently, a large number of positioning methods using geometric and probabilistic frameworks have been
studied. These methods include complex filtering algorithms, multilateration, and anchor-free schemes [9]. In
dynamic systems with data uncertainty and noisy measurements, the Kalman filter (KF) and its nonlinear
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extensions are very suitable for state estimation [10]. In a linear Gaussian environment, the Kalman filter (KF) is
the most effective. However, particle filters (PF) are considered a better choice because wireless sensor
networks (WSN) in the real world exhibit a significant amount of nonlinearity and non-Gaussian noise [11].
Although Monte Carlo sampling is used to simulate various distributions, PFs generally require more
computational cost and resources [12]. The lack of accuracy and generalization to different environments are
currently unresolved issues [13]. Despite significant progress, direct and in-depth comparisons of these filtering
schemes are still relatively uncommon due to the limitations imposed by sensor networks [14]. In addition, other
issues need to be considered, such as how to handle outliers, the convergence of the filters, and the impact of
filter design choices on scalability and real-time performance [15]. Therefore, more research is needed on all
types of WSNs to determine the best algorithms and deployment modes through benchmarking and
comprehensive evaluation [16].

In this paper, we will compare in detail the methods of particle filters and Kalman filters in sensor localization.
This study accurately tested how these algorithms handle real and simulated data in typical modern sensor
networks. We studied the convergence speed of performance metrics, localization error, and robustness, as well
as their practical applications, computational efficiency, scalability, and integration feasibility. We identified the
main advantages and disadvantages of all these methods through specific experiments and analyzes. Finally, this
study provides researchers and practitioners with some basic information and relevant recommendations
regarding high-quality, high-precision, and high-efficiency positioning services in the practical application of
sensor networks.

Fundamental Principles and Algorithms of Filtering

Overview of State Estimation Methods

State estimators are the foundation of modern sensor localization, capable of measuring data to infer the hidden
states of a system and making measurements based on noise in complex environments [17]. At the same time,
in many engineering fields, scholars and practitioners are researching efficient methods to process data in order
to address the issues and uncertainties that sensor networks face in the real world [18]. Deterministic attempts,
such as least squares fitting and geometric triangulation, are theoretically feasible, but they are very sensitive
to noise and environmental changes [19]. As research progresses, the probabilistic methods that explicitly model
the random evolution of system states have been replaced by probabilistic methods that account for the
uncertainties introduced by sensing and execution limitations.

Using Bayesian filtering is a significant advancement, as it provides a formal foundation for recursively estimating
the state of stochastic processes [20]. The Bayesian method maintains a belief distribution over possible
scenarios and continuously updates it based on recent discoveries. The changes in the aforementioned paradigm
can be addressed by using real-time data in the filtering algorithm to cope with both linear and nonlinear system
behaviors as well as various observation noises. Over time, Bayesian filters have gradually become the
foundation of sensor localization research. Various methods have been developed to achieve results that are
easy to use, accurate, and robust to model defects. Therefore, almost all modern sensor network state
estimation methods (including hybrid methods, Kalman filtering, and particle filtering) are derived from
probability theory.

Kalman Filter: Mathematical Foundations

Linear systems with Gaussian noise characteristics typically use Kalman filters (KFs) as state estimation
algorithms [21]. For recursive and real-time operation, the KF uses a mathematical model to predict changes in
the system state, and then modifies the prediction based on noisy sensor data [22]. Through prediction and
update iterations, both flexibility and rapid convergence are achieved; therefore, by adding new data points, the
uncertainty of the estimator is reduced. Under operating conditions, the Kalman Filter (KF) has advantages as
an MMSE estimator and is computationally simple.

For the above reasons, the Kalman filter has been widely used in real-time positioning for devices with limited
time and resources [23]. In the field of mobile robotics, vehicle localization and infrastructure monitoring are
common applications. These applications utilize the fast convergence and low memory usage of the Kalman
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filter for real-time state estimation. When the underlying physical process is only slightly nonlinear, extended
algorithms such as the Extended Kalman Filter (EKF) and the Unscented Kalman Filter (UKF) can be used to
linearize around the operating point or use sigma point sampling. However, these methods are still primarily
based on the assumption of unimodal, approximately Gaussian uncertainties [24]. Despite the aforementioned
advancements, the efficiency of Kalman-based methods may significantly decrease when the system and noise
models deviate markedly from linearity or when outliers and non-Gaussian effects are prominent. Therefore,
there is an urgent need for a general framework to handle these situations.

Particle Filter: Probabilistic Framework

Using Bayesian state estimation sampling methods, particle filtering techniques directly address the limitations
of the linear-Gaussian assumption [25]. Particle filters approximate the complete posterior distribution of the
system state using a set of discrete samples called "particles," rather than using a set of parametric statistics to
represent the belief state. The system dynamic model propagates each particle separately and then reweights
them based on their interpretation of the recently observed values to identify multimodal uncertainty and
perform nonlinear inference.

For the above reasons, particle filters have been chosen to address various issues in sensor localization, such as
motion uncertainty and non-Gaussian noise measurements [26]. Due to their good performance in the presence
of uncertainty, particle filters have recently been applied to many problems, such as autonomous driving and
object tracking in complex environments. In practical applications, particle filters also face some issues. Sampling
the posterior distribution in high-dimensional space requires a large number of particles, which can lead to high
computational costs. Additionally, algorithmic design is needed to address the problem of sample
impoverishment, such as system resampling and particle rejuvenation. As the scale and complexity of sensor
networks continue to increase, particle filters have theoretically been proven to be a universal solution for
recursive estimation. It is necessary to strictly manage computational constraints and enable the algorithm to
adapt to embedded and distributed systems.

Implementation, Complexity, and System Integration

Computational Efficiency and Algorithm Process

Computational efficiency and predictable runtime are the requirements for deploying embedded or edge sensor
positioning platforms. Prediction and correction are the two typical stages of a Kalman filter, both of which
achieve the aforementioned goals.

In the prediction phase, the state at time k can be obtained by propagating the previous state through a linear
system model or a nonlinear system model:

Xik-1 = FCp—1ik-1, U—1) + Vi—a Eq.(1)
Where v, _; is the process noise, and f(-) may be a strictly linear function or a nonlinear dynamic operator. The
covariance update simultaneously considers the accumulated prediction error and the dynamic error of the
system:

Pik-1 = FrPy_qi-1Fg + LiQp_1Ly; Eq.(2)
At this state, F;, is the Jacobian matrix of the process model, and L, explicitly projects the process noise into the
estimation subspace to ensure the retention of all independent and cross terms. This improves convergence and
robustness to model uncertainty.

In the update (correction) phase, the Kalman gain integrates the new sensor measurements:

Ky = P Hi (HyProi—1 Hy, + Ri) ™! Ea.(3)
According to the innovation's signal-to-noise ratio and the prediction uncertainty, the weight matrix is used to
determine how much to give to the innovation. Since the matrix Hy, is the linearization of the measurement
model, and Ry, is the time-varying noise model of the sensor, its performance in the actual system will change
over time.
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In contrast, particle filters (sequential Monte Carlo methods) are used for high-dimensional, nonlinear, or
multimodal posteriors. The belief state is expressed in the form of weighted empirical distribution samples. The
state evolution of each randomly sampled particle is as follows:
i i
O ~ (e 1 22 upey) Eq.(4)
Propagate all particles, and then each receives a new weight according to how well it explains the new data:

wil cwil, - p(zi 1 X)) Eq.(5)
The resampling process avoids particle deprivation by duplicating high-probability particles and discarding less
likely ones, thereby ensuring an effective sample size and preventing degradation.

Algorithm complexity comparison: For an n -state system, the complexity of the Kalman filter during each
update is 0(n3), due to the matrix inversion. However, the complexity can be further reduced by utilizing
structural properties such as sparsity or block diagonal forms. The complexity of the particle filter is O(Nn),
where N is the number of particles, linearly related to the set size, but for high fidelity, it may be exponentially
related to the state space. Therefore, embedded applications require GPU/FPGA acceleration or clever scheme
design. Figure 1 shows the above process. Particle filters use random sampling, individual weight calculation,
and periodic resampling, while Kalman filters use deterministic matrix operations. Based on the system's
computational capacity and other constraints, choose the appropriate method.
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Figure 1. Process flow comparison of Kalman and particle filters.
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Scalability and Real-Time Performance

As sensor networks expand, the issues of system design scalability and strict real-time performance are
becoming increasingly severe. A paradigm of distributed Kalman filters assigns local estimators to each network
node and uses local data to independently propagate and correct state estimates:

x,(fl)k = x,(c’l)k .+ K(’)(zw - H(’)xklk . Eq.(6)
This local autonomy significantly reduces the bandwidth and latency of communication between nodes, which

is particularly evident in sensor networks. Regularly merge local results to ensure overall system consistency and
appropriate state inference. The transition from local to global is as follows:

xliﬁcbal Z B}xklk Eq.(7)

The fusion weight f; adjusts inaccurate results because it reflects trust in local estimators, recent measurement
quality, and previous system reliability. In the case of redundant observations or field of view overlap, the
uncertainty cross-correlation between distributed nodes propagates as follows:

() 0 pU.D T
Pr—1 = Fi Pyl 1 F Eq.(8)
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Including the dynamics of the coupled system and the changes at each node.
The size of the particle filter depends on the number of available particles and parallelism. The optimal sample
size after sensor fusion:
1
N 0%
i=1 (Wk )
Determine the resampling time. To prevent the filter from collapsing, a relatively large N should be

maintained. In addition, partitioning the particle set can be used to handle high-throughput distributed inference
in network nodes or clusters.

Negp = Eq.(9)

To handle high-frequency, high-bandwidth sensor data, hardware-assisted parallelization (such as SIMD, multi-
core CPUs, FPGAs, and GPUs) is used to meet the demand for short response times in dynamic, bandwidth-
constrained environments.

As shown in Figure 2, the scalable distributed localization architecture includes hierarchical fusion, local
computation, and network flows of raw and synthesized information.
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Figure 2. Distributed and hierarchical estimation system architecture.

Data Fusion and Application Scenarios

Multi-sensor localization combines data collected by sensors in different locations and tasks to improve the
reliability and accuracy of system position estimation. Under the assumption of Gaussian noise, the weighted
least squares estimator is the fundamental structure for centralized fusion, as it most effectively combines
sensor measurements:

-1

M M
kk:(Z H(’")TREJ")_IH("‘)> (Z H<m>TR§c’")‘1z§(’")> Eq.(10)

m=1 m=1
Here, the global state estimate X, is normalized by the measurement matrix H™ of each sensor and the

corresponding observation noise covariance R( ) This combines all available sensor measurements z,(( ) Due
to its reliable low-noise data source, the first structure receives a higher weight.

In distributed and consensus-based fusion architectures, each node maintains a local state estimate and
continuously improves this estimate by collecting data from communications with neighboring nodes.
x:(cj) = 2 ﬂxg) Eq.(11)
IEN;
At this point, the convex combination weights a;; update the local estimates to facilitate the dissemination of
information in large-scale networks while ensuring robustness against node loss and communication failures.
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The fusion at the covariance level aids in the estimation of independent sensors and improves accuracy. The

. . . . . . . . . . m
optimal linear fusion of multiple Gaussian estimates can be expressed as an information filter, with means Xl(c )

. . m
and covariance matrices PIE )Z

M -1 . m
x{used _ (2 chm)*) (Z P;{m)—1x§‘m)> Eq.(12)
m=1

m=1
The corresponding fused covariance is:

M _1
P{Cilsed — (Z P;{m)—l) Eq.(13)

m=1
Therefore, the confidence level of each estimator is clearly visible. In addition, under the assumptions of linearity

and Gaussianity, the minimum mean square error of the fusion results is guaranteed.

When there are different types or non-Gaussian distributions in the sensor network, the individual likelihoods
of these observations are combined. This is done to determine the joint likelihood of each particle in the particle
filter.

M
p(zi 12 = 1_[ p(z0™ 1 % Eq.(14)
m=1

By using the Bayesian update process and importance weighting and resampling, the particle set can get very
close to the true posterior distribution. A nonlinear, multimodal, and even non-parametric measurement model
can be represented by each term p(z,((m) | x,({l)). This model can integrate visual, radio frequency, inertial data,

and other sensor data.

Comparative Performance Evaluation

Evaluation Metrics and Benchmark Scenarios

Testing the accuracy, repeatability, and stability of the positioning algorithm. To ensure the fairness and
scientific validity of the comparison, this study will use familiar performance metrics and typical benchmark
scenarios to account for the differences between real-world environments [27].

Root Mean Square Error (RMSE) is a general method for measuring positioning accuracy, and it is very sensitive
to large errors; therefore, cases that deviate significantly from the expected position will be severely penalized
[28]. Mean Absolute Error (MAE) is also used to assess the degree of bias in estimates; it is more robust to
operational stability and more sensitive to rare events [29]. The aforementioned quantitative indicators can be
used to conduct comparative analysis of the results obtained by various estimators at different time points.

The analysis of the cumulative error distribution can also be used to show the frequency and likelihood of
different sizes of errors appearing in the evaluation set. Using this method can reveal potential flaws in the
algorithm, such as occasional large estimation errors or the inability to maintain a high confidence interval
around the median error [30]. In addition, box plot statistics can show the range of error distribution, median,
and outliers at different time points in the experiment. The data obtained using this statistical method indicate
whether the estimates are stable during the positioning process and to what extent they are stable [31].

The benchmark scenarios for evaluation come from real-world datasets and controlled synthetic testing
platforms. Parameter synthesis can generate various noise settings, such as sensor faults, dynamic range
changes, noise level variations, and counter-interference. Therefore, the tested algorithms can be evaluated far
beyond their expected operational range and still produce valid results under harsh conditions [32]. However,
multipath propagation, non-line-of-sight conditions, temporal variations, and hardware-induced uncertainties
are common complexities in evaluating datasets in the real world. The aforementioned environments cover
many issues related to compliance in field tests and actual operations, which frequently occur in real-time
deployments.
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The aforementioned metrics and reference scenarios will be used to evaluate performance. They can be used
to study error characteristics, convergence behavior, and fault immunity. The open and reproducible basis for
comparing results and substantive analysis in the subsequent chapters is the aforementioned protocol.

Simulation and Experimental Results

This section will present a comparison between the simulation results and the actual experimental deployment
to ensure the stability and feasibility of the evaluated algorithm. Based on the above reasons, the benchmark
scenarios and evaluation results will be presented in this manner. These charts are designed to help us quickly
and reasonably determine the quality of the estimates, as well as whether they converge, are stable, and are
suitable for various situations [33].

Figure 3 shows the main positioning error characteristics of the candidate estimators. To measure the RMSE
curves under different noise levels, as shown in Figure 3(a), under high noise conditions, the steady-state error
of the particle filter is lower, while the Kalman filter performs excellently under moderate noise conditions. For
example, when the noise level increases from 0.01 to 1.0, the root mean square error (RMSE) of the Kalman
filter rises from approximately 0.3 meters to over 0.5 meters, while the particle filter remains below 0.45 meters
throughout the process. Therefore, in high noise conditions, its error is approximately 15% to 30%.

Figure 3(b) shows the comparison of MAE values for key deployment scenarios, including dynamic outdoor
environments and controlled laboratory tests. For example, in factory and multipath environments, the MAE
can reach 0.35 meters; however, in laboratory environments, the accuracy of both algorithms is below 0.15
meters. In addition, the particle filter is always 10-20% lower than the Kalman filter. The above analysis indicates
that under conditions of rich multipath and non-line-of-sight (NLOS), the MAE is generally larger. On the other
hand, the method using particle filters is more robust to environmental changes. The histogram of cumulative
errors is shown in Figure 3(c). As shown above, the tail probability of the particle filtering scheme is relatively
low. The advanced filter effectively suppresses the probability of rare but extreme estimation slip errors, keeping
over 80% of the errors within 0.4 meters. Figure 3(d) shows the main differences between the algorithms,
displaying the variance and frequency of outliers under environmental changes. The factory and multipath
environments have more outliers and a larger interquartile range, indicating that their estimation becomes more
challenging.

(a) RMSE vs. Noise Level (b) MAE by Scenario
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Figure 3. Localization error analysis. (a) RMSE curve under different noise levels. (b) MAE bar chart under varying scenarios. (c) Cumulative
error distribution histogram. (d) Box plot for different environments.
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Figure 4 shows the robustness and convergence of the study. Comparison of convergence rates: Figure 4(a)
shows the relationship between the normalized error reduction of all algorithms and the iteration time. It is
worth noting that the distributed particle filter exhibits a faster initial convergence speed under high noise or
non-stationary conditions. It achieves a normalized error of less than 0.25 in fewer than ten iterations and
consistently outperforms the Kalman filter baseline. Figure 4(b) shows the robustness of the positioning
mechanism to sensor node failures and random sensor dropouts. In addition, it also shows the increase in
positioning error. The above results indicate that the root mean square error of the particle filter is only 0.3
meters, while in the case of 40% node loss, the root mean square error of the Kalman filter exceeds 0.6 meters,
although the error generally increases linearly with the node loss rate.

After introducing burst noise, Figure 4(c) shows the performance of the algorithm, displaying both steady-state
and transient responses. The violin plot shows that the burst noise increases the mean of the root mean square
error (RMSE) and expands the range of the error distribution. Therefore, in harsh environments, the estimated
stability is relatively low. Due to its lower sensitivity to the initial state, the particle filter's advanced architecture
based on particles is relatively stable. As shown in Figure 4(d), the final root mean square error (RMSE) of the
particle filter is approximately 0.12 meters, while the RMSE of the Kalman filter is 0.17 meters.
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Figure 4. Convergence and robustness evaluation. (a) Convergence rate comparison curve. (b) Robustness against sensor failures. (c)
Performance under burst noise. (d) Sensitivity analysis for initialization.

Figure 5 shows tracking accuracy and estimation consistency. As shown in Figure 5(a), the true trajectory is
overlaid with the output of the estimator, highlighting the differences in path tracking accuracy among various
filtering methods. Particle filtering closely follows the reference path in curved and sharp turns, but Kalman
filtering shows greater deviation in high-dynamic segments. The scatter plot of instantaneous tracking errors
(Figure 5(b) shows that the errors of both algorithms are generally less than 0.25 meters). However, the particle
filter has fewer high-error outliers and a smaller variance, as evidenced by the clustering of low-error points.
Figure 5(c) is a heatmap of estimated residuals, which can show the spatial or temporal patterns of system errors.
The regions of local performance degradation are highlighted in warm colors, usually corresponding to simulated
RF shadowing or metallic areas.
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Figure 5. Tracking and estimation results. (a) Ground truth vs. Kalman/Particle filter traces. (b) Tracking error scatter plot. (c) Estimation

residual heat map.

Figure 6 shows how to calculate performance metrics and the required memory size. Figure 6(a) depicts the
relationship between the input dataset size and the execution time of all algorithms. For a typical input dataset
size ranging from 100 to 2000 samples, the running time of the particle filter increases from 0.2 seconds to 0.9
seconds, while the increase for the Kalman filter strategy is relatively small, rising from 0.15 seconds to just
above 0.6 seconds. Figure 6(b) shows a log-log plot of memory consumption. Although both algorithms can
reasonably scale with the number of states, the memory consumption of the particle filter significantly increases
with the complexity of the scene. For example, the particle filter is more suitable for high-dimensional tracking
than the Kalman filter when the state dimension is 128, thus requiring more memory.

(a) Computation Time by Data Size
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Figure 6. Algorithm complexity and resource usage. (a) Time consumption. (b) Memory usage.

The system scalability and sensitivity are shown in Figure 7. Figure 7(a) shows the relationship between
positioning error and sensor network density. When the number of sensors increases from 2 to 10, the errors of
the Kalman filter and particle filter decrease significantly. After 16 sensors, the error becomes relatively small,
reaching a plateau. Using 16 sensors, the error of the particle filter is less than 0.1 meters, while the error of the
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Kalman filter is approximately 0.13 meters. Figure 7(b) shows the computation time for different state vector
sizes in the form of a line graph with error bars. The computation time of the Kalman filter gradually increases
from 0.12 seconds to 0.8 seconds (when the state dimension is 2-128), while the computation time of the particle
filter starts at 0.15 seconds and exceeds 1.5 seconds at 128 dimensions.

(a) Error vs Sensor Number (b) Computation Time vs State Dimension
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Figure 7. Sensitivity and scalability. (a) Error vs. sensor number. (b) Computation time vs. state dimension.

According to the simulation and experimental results, the improved filter is relatively accurate and stable. It can
be used for computation and memory, and it can be scaled to larger networks or handle sensor faults. More
research has been conducted on abnormal events, convergence transients, and operational scalability.
Nowadays, state estimation methods for sensor networks have been developed and are available [34].

Discussion on Results and Limitations

In order to compare their advantages and disadvantages, operational costs, and flaws, this paper conducts a
comprehensive evaluation of various localization algorithms for wireless sensor networks, which are applicable
to different environments and systems [35]. The results indicate that the two-step performance limits of particle
filters and Kalman filters differ, and they can cause various damages to real systems, such as sudden noise,
sensor node failures, and environmental non-idealities. By combining simulation and experimental data to
demonstrate that these results can be applied to real-world environments and can be used in practical situations.
Therefore, the research on state estimation has surpassed the ideal theoretical models.

Through the analysis of the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE), it was found that
the particle filter performs better under high noise and strong dynamic conditions compared to other methods
[36]. In scenarios with rich multipath or non-line-of-sight conditions, the above results are even more
pronounced; therefore, traditional Kalman filters exhibit greater sensitivity to nonlinear and non-Gaussian
observation errors. The cumulative error distribution also indicates that, although the average error is small, the
ability of advanced filtering methods to prevent severe estimation drift that could lead to overall network
instability is relatively weak. In contrast, the particle-based architecture can reduce estimation errors more
quickly and stably. Therefore, for applications in the early stages or after environmental changes, rapid re-
convergence is required.

Conclusion

This paper conducts comparative tests on the performance of the extended particle filter and the traditional
Kalman filter, and introduces some representative localization algorithms used in wireless sensor networks. This
paper systematically studies the estimation accuracy and robustness of the model in different scenarios, as well
as its convergence, computational cost, and practical applications. The study also utilized various simulated
environments and real-world operational data. The experimental results show that although both algorithms
can achieve sub-meter level positioning under ideal conditions, the particle filter-based method is more stable
than the Kalman filter-based method in environments with high noise, non-line-of-sight propagation, and other
dynamic conditions. It is worth noting that the particle filter is robust to differences in model initialization,
maintaining high estimation accuracy even in the presence of sudden noise, multipath effects, and partial sensor
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node failures. In addition, particle filters also have fast convergence and accuracy in model initialization
differences. Compared to Kalman filters, particle filters require more memory and computational costs; their
robust stability in complex environments or large-scale applications makes them an ideal choice for next-
generation sensor networks. In order to provide a complete picture of the advantages and disadvantages of the
algorithms, the aforementioned visualization suite displays error metrics, convergence curves, computational
profiles, and scalability analysis.

Despite recent progress, there are still many issues. First, although the design of the simulation scenarios and
testing platforms is already very close to real-world problems, future research will delve deeper into ultra-large-
scale or mission-critical environments to verify the results under conditions of extremely high sensor node
density and physical obstacles. The computational cost of particle filtering is relatively high; therefore, unless
optimized or supported by hardware, the marginal benefits are usually minimal. In addition, this study primarily
focuses on static or batch localization scenarios. However, real-time or moving target tracking scenarios require
time evolution processes and noise measurements, thus necessitating more detailed research. Models for
environmental noise, multipath, and fading meet existing standards, but they may not cover every type
occurring in harsh industrial or underground environments. Moreover, the current evaluation system fails to
address issues of security vulnerabilities, communication delays, or energy consumption. Therefore, in resource-
constrained or adversarial environments, estimator design may encounter these issues.

In the future, some research will be conducted to address these issues and further advance this field. In order
to significantly reduce the computational cost of high-dimensional problems, an adaptive and resource-aware
particle filtering framework based on sparsity or compressed sensing principles will be introduced. In addition,
new distributed and federated learning methods are being researched to enhance the robustness of the
estimator and support collaborative sensing in heterogeneous or intermittently connected networks. The
second significant possibility is to reduce uncertainty and guide the estimator's convergence in ambiguous or
feature-sparse areas through semantic maps or other physical constraints, thereby increasing domain-specific
knowledge. Finally, to determine whether the design goals of the positioning system have been achieved, in
addition to the aforementioned estimation metrics, a comprehensive evaluation model should be used to assess
safety, latency, and energy consumption.
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