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As the wireless sensor network technology develops, precise positioning has become the key to 
achieving effective monitoring and data collection. This study proposes a wireless sensor network 
positioning technology based on improved sampling boxes and fuzzy reasoning to address the 
problem of low positioning accuracy and efficiency of traditional positioning methods in resource 
constrained environments. By using a fuzzy clustering algorithm based on time series optimization 
and a multidimensional Gaussian model to optimize the sampling box, the accuracy and efficiency of 
localization are significantly improved. The research results indicate that on the UCI and MIT Reality 
datasets, the Rand coefficient of the fuzzy clustering algorithm optimized for time series is stable at 
0.89 when the weight allocation index is 5, which is superior to other comparative algorithms. When 
the proportion of beacon nodes reaches 40%, the average positioning error of the new model is as 
low as 0.21 m, which is lower than the comparison model. When the number of nodes is 50 and 200, 
the response times of the new model are 0.41 ms and 0.72 ms, respectively, which are also the fastest 
among all models. From this, the new model can maintain high positioning accuracy and fast response 
under different communication radii and beacon node ratios, especially in scenarios with a large 
number of nodes, demonstrating excellent versatility and efficiency. This study is of great significance 
for improving the application efficiency of wireless sensor networks in fields such as environmental 
monitoring and industrial automation, and provides an effective technical solution for achieving more 
accurate positioning.
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As the modern information technology develops, Wireless Sensor Networks (WSNs) have become one of the 
key technologies for achieving intelligent monitoring and automated control1. However, despite their broad 
applications in environmental monitoring and industrial automation, existing node localization techniques 
face critical challenges in resource-constrained environments (e.g., limited energy, computational power) 
and dynamic scenarios (e.g., multipath interference, non-line-of-sight propagation)2–4. The accuracy of node 
location directly affects the value of monitoring data and the performance of the network5.

Despite the remarkable advancements in WSN optimization methods concerning positioning accuracy, 
energy efficiency, and security, several limitations persist. The Kalman filter-based iterative boundary box 
algorithm, while effective in reducing positioning errors, suffers from heightened communication overhead 
due to its multi-loop optimization process. The unpredictable number of iterations also poses challenges for 
real-time applications. The small target detection algorithm, which enhances accuracy through optimized 
sampling boxes, is dependent on high-resolution image processing. This dependency, in turn, escalates node 
energy consumption. Although the gray wolf optimizer demonstrates improvements in intrusion detection 
rates, its multi-wolf coordination mechanism introduces additional calculation delays. The PSO positioning 
framework, while efficient in node displacement scenarios, necessitates a beacon node density of ≥ 40%, 
thereby increasing deployment costs significantly. The underwater multi-hop routing protocol, which prolongs 
network life via cluster head selection, fails to address the issue of multi-hop ranging error accumulation. 
Consequently, positioning errors increase exponentially with the number of hops. Ant colony optimization-
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based path planning, despite balancing energy consumption, experiences a substantial decrease in iterative 
convergence speed as the number of nodes increases. BIM modeling, although effective in improving signal 
prediction accuracy, demands that nodes possess 3D environment modeling capabilities, leading to increased 
hardware costs. Lastly, while HBGWO performs effectively in intelligent building coverage optimization, its 
dynamic parameter adjustment mechanism consumes considerable node memory resources. Collectively, these 
limitations result in diminished positioning accuracy and delayed responses, particularly in scenarios with 
constrained resources. To overcome these limitations and enhance the applicability and efficiency of WSNs 
in diverse, especially resource-constrained environments, a WSN positioning technology based on improved 
sampling boxes and fuzzy reasoning is proposed.

The innovation of the research mainly lies in the following aspects: (1) Combining Fuzzy Clustering 
Means based on Time series Pathology (FCMT) with multi dimensional Gaussian sampling boxes to improve 
positioning accuracy and efficiency. (2) Using fuzzy logic to handle uncertainty. (3) By improving the sampling 
box to enhance the ability to capture signal strength features and improve positioning accuracy. (4) Introducing 
a dynamic weight allocation mechanism in fuzzy reasoning to improve the adaptability and stability of the 
model. (5) Adopting nonlinear spatial modeling to reduce communication redundancy.

The main contributions of this article are as follows: (1) Proposing Fuzzy Clustering Means based on 
Time-series Morphology-Gauss Sampling box-WSN (FCMT-GS-WSN), Being able to accurately estimate 
node positions under resource constraints. (2) Under resource constraints, FCMT-GS-WSN can maintain 
high positioning accuracy while significantly reducing the model’s response time and improving real-time 
performance. (3) Research on accurately simulating and predicting signal strength and node positions through 
3D models. (4) Compared with the multi round iterative Kalman filter optimization method, the proposed 
fuzzy clustering and multi dimensional Gaussian sampling collaborative mechanism significantly reduces 
communication redundancy through nonlinear spatial modeling. (5) Compared with the dependency of the 
swarm intelligence optimization positioning framework on high-density beacon nodes, the study utilizes 
dynamic weight allocation through fuzzy reasoning to establish a more stable spatial mapping relationship 
under low beacon coverage, reducing deployment costs.

Related work
In terms of improving the sampling box, Mani R et al. raised an iterative boundary box algorithm based on 
Kalman filtering to refine the estimated positions of unknown nodes and optimize the sampling box to address 
the node localization problem in large-scale WSNs. The experiment findings denoted that the new algorithm 
effectively reduced positioning errors (PEs) without requiring more equipment and increasing communication 
costs6. Lou H et al. proposed a small-sized object detection algorithm suitable for special scenes to optimize 
the sampling box and improve the detection accuracy of small-sized objects, to solve the problem of fatigue 
and judgment errors of traditional camera sensors when observing objects of different sizes for a long time 
in complex scenes. The experiment findings denoted that the detection accuracy of the new algorithm on the 
Visdron dataset was superior to existing single view detection methods7. In terms of security optimization, 
Liu G et al. proposed an intelligent intrusion detection model for intrusion detection in WSNs and used Lévy 
flight strategy to adjust and optimize the sampling box. The experiment findings denoted that the proposed 
new algorithm performed well in benchmark function testing, and the intrusion detection model achieved 99% 
accuracy in performing Disk Operating System (DoS) intrusion detection. The proposed intrusion detection 
model had good performance8. Safaldin M et al. proposed an improved binary grey wolf optimizer support 
vector machine enhanced intrusion detection system to improve the intrusion detection capability of WSNs. The 
system optimized performance by adjusting the number of wolf packs, aiming to improve detection accuracy 
and rate, while reducing processing time and false alarm rate. The results showed that the new algorithm using 
seven wolves outperformed other algorithms in terms of accuracy, feature count, execution time, false positive 
rate, and detection rate9. Cao C et al. designed an improved identity encryption algorithm to solve the issues of 
limited energy, weak computing power, poor communication capability, and vulnerability in WSNs. The findings 
indicated that the new algorithm simplified the key generation process, reduced network traffic, and improved 
network security. It had low energy consumption and high security, and was suitable for WSN applications with 
high security requirements10.

In terms of WSN localization and energy consumption optimization, Kanwar V et al. designed a Distance 
Vector-Hop localization framework based on particle swarm optimization to solve the problem of node 
displacement due to disasters and other events in WSNs. The experimental results showed that compared with 
traditional positioning frameworks, the proposed positioning framework performed better in reducing time 
consumption, PEs, and energy consumption11. Kathiroli et al. proposed a hybrid sparrow search algorithm 
based on differential evolution algorithm to solve the problems of limited battery power and high energy 
consumption in WSNs. This method extended the life cycle of the sampling box by selecting cluster heads and 
using an energy allocation mechanism. The outcomes indicated that the algorithm had significant improvements 
in residual power and throughput, effectively improving the lifespan of nodes12. Lakshmanna K et al. proposed 
an improved meta heuristic driven energy-saving clustering routing scheme to address energy efficiency issues 
in IoT assisted WSNs. This scheme used an improved Archimedes optimization algorithm for cluster head 
election and organization. The outcomes denoted that the new method outperformed existing methods in 
terms of network lifecycle, energy consumption, packet transmission rate, and latency13. Mohan P proposed an 
improved clustering technique based on meta heuristic multi-hop routing protocol to address energy efficiency 
issues in underwater WSNs. The outcomes indicated that the new technology could significantly improve the 
energy efficiency and network lifetime of underwater WSNs, and was superior to existing methods in multiple 
performance indicators14. Roy S et al. proposed a mobile aggregation node path optimization method based on 
ant colony optimization algorithm to solve the problems of uneven energy consumption and data transmission 
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delay in WSNs. The simulation results showed that this protocol outperformed existing methods in terms of 
network lifespan, energy consumption, packet transmission rate, and end-to-end latency15. A Ahmadi et al. 
artificially accurately predict the network channel characteristics under the occlusion of buildings, and establish 
an indoor wireless network based on Building Information Modeling (BIM), electromagnetic simulation 
and measurement. Experimental results show that the new method can extract network channel features 
accurately16. A Chambon et al. proposed Pareto-Envelope Selection based on Non-Dominated Sorting Genetic 
Algorithm(PREP-NSGA) to optimize indoor deployment of iot for efficient integration of iot devices. The results 
show that the coverage of the proposed scheme under connection constraints is better than that of existing 
schemes and random deployment17. K Zaimen et al. proposed Hybrid Binary Grey Wolf Optimiser (HBGWO) 
to reduce the cost of wireless sensor network coverage for smart buildings. The experimental results show that 
HBGWO is superior to existing methods in terms of network coverage and deployment cost under connectivity 
constraints18. R P SHada et al. proposed a hybrid positioning technology integrating random forest and 
multilateral measurement to solve the problem of difficult GPS positioning caused by WSN. Experiments show 
that this method is effective in both simulation and real prototypes19. T T Nguyen et al. proposed innovative 
Adaptive Optimisation Approach Called Crossover Mutation Differential Evolution (ACMDE), to address the 
high computational complexity of traditional node localization methods in large-scale WSN. The experimental 
results show that ACMDE performs better than other algorithms in node localization tasks20.

Method
Improvement of fuzzy reasoning algorithm
In WSNs, positioning technology is crucial for achieving precise monitoring and data collection21. However, 
due to resource limitations and environmental factors of sensor nodes, traditional positioning methods often 
face challenges in accuracy and efficiency22. Among them, fuzzy reasoning, as an effective method for dealing 
with uncertainty and nonlinear problems, originated from fuzzy set theory and has been widely used to improve 
the positioning accuracy of WSN23. Fuzzy sets allow elements to have different degrees of membership within 
the set, which enables fuzzy reasoning to better handle ambiguity and uncertainty in the real world24. Fuzzy 
reasoning systems form an effective information processing mechanism by fuzzifying inputs, applying fuzzy 
rules, and defuzzifying outputs25. Based on this, the study improved the fuzzy clustering algorithm and proposed 
a Fuzzy Clustering Means based on Time-series Morphology (FCMT) based on time series optimization. The 
structure of FCMT algorithm is shown in Fig. 1.

In Fig. 1, the FCMT algorithm is a clustering method specifically designed for time series data. In order for 
each time series data to have an initial classification, the FCMT algorithm first initializes the number of clusters 
and randomly assigns initial membership degrees to each time series data. Then, to capture the similarities 
between time series, Jeffrey’s composite distance is used to measure the distance between time series. This 
distance measurement method has linear time complexity and can effectively handle real valued time series data. 
During the iteration process, to improve the quality of clustering, the algorithm adaptively learns the feature 
weights of each cluster’s time series based on its membership degree, to capture the unique core features of 
each cluster and weight the distances accordingly. Therefore, the time series similarity forms corresponding to 
the core features of each cluster become the core elements in the cluster partitioning process. As the iteration 
progresses, to more accurately reflect the underlying structure of the data, the algorithm continuously updates 
the cluster center and membership matrix until the stopping criterion is met, that is, the change in the objective 

Fig. 1.  FCMT algorithm structure.
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function is less than the predetermined threshold or reaches the maximum number of iterations. Finally, to 
determine which cluster each time series data ultimately belongs to, the time series is clustered according to 
the principle of maximum membership degree, and the clustering results are obtained. The process of Jeffrey’s 
composite distance measurement is shown in Fig. 2.

In Fig.  2, Jeffrey’s composite distance is a similarity measurement method designed for time series data, 
which measures the distance between them by considering the morphological features of the time series. The 
process first preprocesses the time series data to ensure that it is a positive real number, and then applies the 
adaptive translation Jeffreys distance formula to measure the differences between time series feature points. The 
formula for Jeffrey’s composite distance is shown in Eq. (1)26.

	 Jcomp(yp
i , cp

l ) = (yp
i − cp

l ) [ln (yp
i + ⌈|Dmin|⌉) − ln (cp

l + ⌈|Dmin|⌉)]� (1)

In Eq. (1), yp
i  means the value of the i th time series on the p th feature, cp

l  means the value of the center point 
of cluster l on the p th feature, Dmin represents the minimum value of the entire time series dataset, and ⌈∣∣Dmin

∣∣⌉ represents the absolute value of Dmin rounded up. Jeffreys composite distance can help FCMT 
algorithm more accurately capture the similarities and differences of time series. The calculation method of 
autocorrelation coefficient for time series is shown in Eq. (2)27.

	

ρ(b) =

n−b∑
i=1

(yi − ȳ)(yi+b − ȳ)

n∑
i=1

(yi − ȳ)2
� (2)

 

In Eq. (2), ρ(b) is the autocorrelation coefficient of the lagged b step of the time series, yi is the value of the time 
series at time i, and ȳ is the mean of the time series. First order moving averages usually do not involve lag steps, 
and in higher-order cases, the calculation of time series is shown in Eq. (3)28.

	 yi = Λ + ϵi + θ1ϵi−1 + θ2ϵi−2� (3)

In Eq. (3), Λ is the mean, ϵi is the white noise, θ1 and θ2 are the white noise coefficients. The formula for simple 
exponential smoothing is shown in Eq. (4).

	 ŷi+1|i = αyi + (1 − α)ŷi|i−1� (4)

In Eq. (4), ŷi+1|i is the prediction of yi+1, α is the smoothing parameter, i + 1 represents the next moment, and 
i − 1 represents the previous moment. The distance calculation method between time series and cluster centers 
is shown in Eq. (5)29.

	
di,l =

z∑
p=1

Jcomp(yp
i , cp

l )wl,p� (5)
 

In Eq. (5), di,l means the distance between the time series i and the cluster center l, and the weight of the p th 
feature in the wl,p point cluster l. The calculation method of feature weights is shown in Eq. (6)30.

Fig. 2.  Jeffreys composite distance measurement process.
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In Eq. (6), µi,l represents the membership degree of time series i to cluster l, and β represents the fuzzy coefficient 
used to control the degree of fuzziness of the membership degree. α stands for weight allocation index, used to 
adjust the distribution of feature weights. The formula for calculating membership degree is shown in Eq. (7)31.

	

µi,l = 1
c∑

k=1

(
di,l

di,k

) 2
β−1 � (7)

 

In Eq. (7), k represents the cluster index during the clustering process. The calculation method of the objective 
function is denoted in Eq. (8).

	
J(U, V ) =

n∑
i=1

c∑
l=1

µβ
i,ld

2
i,l� (8)

 

In Eq. (8), J(U, V ) represents the objective function applied to assess the quality of clustering. The formula for 
updating cluster centers is shown in Eq. (9).

	

cl =

n∑
i=1

µβ
i,lyi

n∑
i=1

µβ
i,l

� (9)

 

In Eq. (9), cl represents the updated cluster center. The formula takes into account the differences between each 
feature point in the time series and its corresponding cluster center feature point, and amplifies these differences 
through a natural logarithm function to more sensitively capture the morphological changes in the time series. 
Applying Brownian motion model to FCMT algorithm can make the distance measurement more consistent 
with the actual wireless signal propagation law. This method modifies the distance measurement standard of 
FCMT algorithm by simulating the change of signal strength with time, so as to improve the indoor positioning 
accuracy. During the iteration process, the algorithm utilizes membership information to dynamically adjust 
feature weights, which reflect the importance of different features in the clustering process. Finally, the weighted 
distance values are used to update the membership degrees of the time series to each cluster, thereby updating 
the cluster centers. This process is iteratively repeated until the stopping criterion is met.

Improvement of sampling box
After introducing the improvement of fuzzy reasoning algorithm, the study will further explore how to raise the 
positioning accuracy of WSNs by optimizing the sampling box. The sampling box is a basic unit used to collect 
information in wireless sensor networks. The collected information can be uploaded to the server through 
wireless transmission. The FCMT algorithm can effectively process time series data and improve the positioning 
accuracy in WSNs. This algorithm captures the morphological features of time series by adaptively learning their 
feature weights, thereby optimizing the clustering process. In WSNs, the sampling box serves as the basic unit 
for collecting information, and its performance directly affects the monitoring and positioning capabilities of the 
entire network. To further raise the accuracy and efficiency of positioning, a multidimensional Gaussian model 
is studied to optimize the sampling box. The multidimensional Gaussian model can model the relationship 
between the signal strength received by the sampling box and the node position, providing a probability density 
function for each node. Multidimensional Gaussian models help network systems to more accurately estimate 
the positions of nodes, improve the sampling quality of sampling box nodes, and thereby enhance the positioning 
capability of the entire network. Fuzzy reasoning can deal with uncertainty and nonlinear problems in the 
localization process, while Gaussian modeling accurately describes the relationship between signal strength and 
node position through probability density function. The integration will effectively improve the accuracy and 
robustness of positioning. The structure of the multidimensional Gaussian model is indicated in Fig. 3.

In Fig.  3, the multidimensional Gaussian model, also known as the multivariate normal distribution, is 
a commonly used model in probability theory and statistics to describe the joint probability distribution of 
multiple random variables. This model assumes a linear relationship between variables and a symmetrical 
distribution. The model assumes that the relationship between the signal strength and the node position can 
be described by a probability distribution, that the propagation follows a lognormal distribution, and that the 
signal strength at the path loss index and reference distance is known. The core of the model is the mean vector 
and covariance matrix. The mean vector denotes the expected value of a random variable, pointing to the center 
position of the dataset in multidimensional space, while the covariance matrix describes the correlation and 
variability between variables, with diagonal elements representing the variance of variables and non diagonal 
elements representing the covariance between variables. The probability density function of a multidimensional 
Gaussian distribution is given by a complex exponential function, which includes the inverse of the mean vector 
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and covariance matrix, as well as the quadratic form of the difference between the variable vector and the mean 
vector. This function can quantify the probability density of a given set of observations. In WSN positioning, 
multidimensional Gaussian models can be used to simulate the relationship between node Received Signal 
Strength (RSS) and location. By optimizing model parameters, the accuracy and reliability of positioning can be 
raised32. This article studies the application of Building Information Modeling (BIM) to construct an accurate 
three-dimensional model of the building structure, so as to simulate and predict the relationship between signal 
strength and node position more accurately, provide a more accurate probability density function, and thus 
improve the sampling quality of sampling box nodes. The calculation method for signal strength path loss from 
the sampling box is shown in Eq. (10)33.

	 PM (f) = PM (f0) + 10mlog10(f/f0) + Yω � (10)

In Eq. (7), PM (f) represents the path loss at the distance f, PM (f0) represents the path loss at the reference 
distance f0, m is the path loss index, and Yω  means a random variable representing noise. The calculation 
method for the average RSS vector of the reference point is shown in Eq. (11)34.

	
Prss =

(
1
N

N∑
j=1

Prss,j

)
� (11)

In Eq. (11), Prss represents the average RSS vector of the reference point, and Prss,j  means the signal strength 
of the j th anchor node (AN) received by the reference point. The calculation method for RSS mapping maps is 
shown in Eq. (12)35.

	 B = (bkz)p×q � (12)

In Eq.  (12), B represents the RSS mapping map, and bkz  represents the signal strength received by the zth 
AN at the kth reference point. By measuring RSS, it is possible to determine which nodes are within each 
other’s communication range, thereby helping to construct the topology of the network. The formula for the 
multidimensional Gaussian distribution of ideal and reference points is shown in Eq. (13).

	
G(y; v, Ω) = 1

(2π)e/2|Ω|1/2
exp

(
−1

2(y − v)T Ω−1(y − v)
)

� (13)

In Eq.  (13), G(y; v, Ω) represents a multidimensional Gaussian distribution function used to describe the 
similarity between the ideal point y and the reference point v, and T represents transpose. The correction formula 
for the influence of the adjustment function on the positional relationship is shown in Eq. (14).

	
b∗ = arg min

b
MSE� (14)

In Eq.  (14), b∗ represents the adjustment function factor. Finding the optimal adjustment function factor 
minimizes the mean square error MSE, thereby correcting the distance relationship deviation between the ideal 
point and the node to be located. The node position estimation formula is shown in Eq. (15).

Fig. 3.  Multidimensional Gaussian model structure.
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Q̃ =

M∑
k=1

Uk · Vk

M∑
k=1

Uk

� (15)

In Eq. (15), Q̃ represents node position, Uk  represents position similarity, Vk  represents reference point position, 
and M means the total amount of reference points involved in position estimation. Based on this, the improved 
sampling box structure is shown in Fig. 4.

In Fig. 4, the sampling box has a sturdy casing to protect the internal sensor unit. It collects data through 
a data collection module and transmits the information to a remote server via wireless network. The device 
is powered by a power supply unit and equipped with a user interface for operation and status display. In the 
sampling box, a multidimensional Gaussian model is used for anomaly detection, data fusion, and feature 
extraction to identify outliers in the data and improve data quality. By using Gaussian process for spatiotemporal 
multi-sensor calibration, more accurate target position determination can be achieved. The sampling frequency 
of the sensor node is not less than 100 Hz, the expansion range is 0.3–1.5 m, the accuracy is 0.5%, and the Hall 
sensor redundancy sampling is used to control the comprehensive error below ± 0.58%. The improvements of 
the sampling box is reflected in the intelligent calibration and modular structure design. The multi-dimensional 
Gaussian model of the sampling box can realize multi-sensor space-time calibration and anomaly detection, 
improve data accuracy, and the split modular architecture can reduce maintenance costs. The architecture 
of a sample box usually consists of four parts. The physical layer contains protective housings, sealed doors, 
and internal partitions that provide mechanical support and environmental isolation. The sampling module 
integrates sensor and sampling mechanism to realize accurate sample acquisition. The storage control layer 
includes an electric drive, a valve control system, and a sample staging chamber to ensure the automation of the 
sampling process and sample stability. At the same time, the data interaction layer is configured with barcode 
identification, communication interface and data transmission module, which supports sample information 
tracking and remote monitoring.

Establishment of Wsn localization model
On the basis of successfully improving the fuzzy clustering algorithm and sampling box, a comprehensive WSN 
positioning model will be constructed. In WSNs, the FCMT algorithm establishes a fuzzy mapping between 
signal reception strength and distance, enabling the system to more accurately estimate node positions in noisy 
environments. The sampling box creates a more accurate sampling area by combining the position information 
of ANs and ordinary nodes, thereby reducing the search space, minimizing invalid samples, and improving 
positioning accuracy and sampling efficiency. The improvement of fuzzy reasoning algorithm and sampling box 
plays an important role in enhancing the positioning accuracy of WSNs. Based on this, a new WSN model has 
been developed. The structure of the WSN is shown in Fig. 5.

In Fig.  5, WSNs are self-organizing networks composed of a large number of sensor nodes, which are 
connected through wireless communication and work together to monitor the environment or perform tasks. 
The structure of WSNs typically includes ordinary sensor nodes, aggregation nodes, and management nodes. 
Ordinary sensor nodes are the main components of a network, responsible for collecting environmental data 
such as temperature, humidity, light intensity, etc., and forwarding the data to aggregation nodes36. These 
nodes typically have limited resources, including computing power, storage space, and communication range. 
The aggregation node is an enhanced sensor node with stronger computing, storage, and communication 
capabilities37. They act as gateways, responsible for relaying data from sensor nodes to management nodes, while 
also conveying instructions from management nodes to regular sensor nodes. A management node is typically a 
central computer or console responsible for displaying network collected data, publishing monitoring tasks, and 

Fig. 4.  Improved sampling box structure.
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performing data processing. It can connect to external networks to achieve further analysis and storage of data. 
The nodes of WSNs are usually randomly deployed in the monitoring area, forming a multi hop communication 
network38. The communication between nodes depends on their communication radius, and there is usually 
direct communication or relay between nodes through other nodes. Although the multi-hop communication 
improves the coverage and flexibility of the network, the topology of the network may change dynamically 
due to the mobility of nodes, energy depletion or environmental changes, which challenges the stability and 
reliability of the network. To address this challenge, this article presents a wireless sensor network localization 
technology based on improved sample box and fuzzy reasoning, which can adapt to the changes of network 
topology, especially in the evaluation of data sets including mobile devices. The key technologies of WSNs 
include topology control, node localization, network protocols, time synchronization, and data fusion. The Ultra-
Wideband (UWB) positioning system has the characteristics of high precision and low power consumption, 
which is suitable for scenarios requiring high precision positioning. Therefore, the UWB positioning system is 
used for data correlation to reduce the multipath effect of wireless sensor network positioning model and the 
positioning accuracy in non-line-of-sight environment. These technologies collectively support the efficient and 
stable operation of WSNs in various application scenarios. The structure of the sensor node is denoted in Fig. 6.

In Fig. 6, sensor nodes are the basic units of WSNs, consisting of several key modules: power supply module, 
communication module, perception module, and processing module. The power supply module provides energy 
to nodes, usually powered by batteries. Considering that nodes may be deployed in unmanned environments 
for a long time, the power supply module often needs to have low power consumption characteristics. The 
communication module is responsible for wireless data transmission between nodes, enabling nodes to 
communicate with each other or with base stations. The perception module is the interface for nodes to interact 
with the external environment and collect environmental data. These sensors convert physical phenomena into 
electrical signals, providing monitoring data for the network. The processing module is the brain of the node, 
which typically includes a microprocessor and memory for performing data preprocessing, decision making, 
and basic control tasks. It may also be responsible for running positioning algorithms, processing data from 
perception modules, and coordinating with other nodes or base stations. In addition, the security module in 
sensor nodes is used to protect the integrity and privacy of data. The external interface module of the sensor 
node is used for data exchange with other devices or networks. The design of nodes emphasizes miniaturization, 

Fig. 6.  Sensor node structure.

 

Fig. 5.  WSN architecture.
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low cost, and high energy efficiency to satisfy the demands of large-scale deployment. The entire process of WSN 
positioning technology is shown in Fig. 7.

In Fig.  7, the process of WSN positioning technology first requires network deployment, where sensor 
nodes are dispersed and arranged in the target monitoring area. These nodes include ANs and ordinary nodes 
to be located. ANs know their own location, while ordinary nodes need to determine their location through 
positioning algorithms. During the initialization phase, the network forms a self-organizing structure and ANs 
begin broadcasting their location information. In the data collection stage, ordinary nodes collect environmental 
data and information such as signal strength from ANs. Using this information, the data is processed using 
a multidimensional Gaussian distribution. Next, data fusion technology is utilized to integrate multi-source 
information and optimize location estimation. Then the FCMT algorithm is executed to calculate the location 
information. Finally, the calculated location information is confirmed and applied. The pseudocode of the 
FCMT-GS-WSN model is shown in Fig. 8.

Result
Analysis of clustering effect of Fcmt algorithm
To ensure the positioning accuracy of WSNs, the study adopted the UCI Machine Learning Repository and 
MIT Reality dataset. The UCI dataset provides a rich machine learning dataset containing multiple types of 
data features that can be used to model various environmental parameters in the WSN, such as temperature, 
humidity, etc. The MIT Reality dataset is a large-scale dataset used for researching and developing indoor 
positioning systems, which contains a large number of wireless signals. The ratio of training set to testing 
set is 80%: 20%. The structure, accuracy, and integrity of the dataset are directly determined by the hardware 
architecture of the sampling box and the deployment strategy of the sensor nodes. The modular design of the 
sampling box determines the data generation hierarchy, while the spatiotemporal distribution of nodes affects 
the data coverage range. The experimental platform parameters are indicated in Table 1.

According to Table 1, the study constructed an experimental platform consisting of 100 nodes, with 20% 
serving as ANs, randomly deployed in an indoor area of 500 square meters. The data collection frequency was 
set to once per second, and each experiment lasted for 24 h. In terms of algorithm parameters, 5 clusters were 
preset, initial membership degrees were randomly assigned, the fuzzy coefficient m was set to 2, and the weight 
allocation index q was also set to 2. The stopping criterion for the algorithm was that the change in the objective 
function was less than 0.001 or the number of iterations reached 1000. In addition, the study used Jeffrey’s 
composite distance to measure time series data and optimized the sampling box through a multidimensional 
Gaussian model, with a path loss index set to 2, the radial basis function (RBF) kernel length scale is set to 
0.5. Improved quartile range (IQR) based method for anomaly detection in the sampling box with an IQR 
coefficient of 1.5 to determine the threshold for outliers. The comparative algorithms for analyzing the clustering 
performance of FCMT algorithm were R-Clustering, Two-stage Siatistical Segmentation-clustcring Time Series 
Procedure (TS3C), K-Means clustering algorithm, and Biclustering using Optimal Transport (BCOT). The 

Fig. 7.  WSN positioning technology flow chart.
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evaluation index was Rand Index (RI), which ranges from 0 to 1. The closer it is to 1, the better the clustering 
performance of the algorithm. Different fuzzy coefficients affect the performance of the algorithm, and the 
clustering outcomes of the FCMT algorithm under different fuzzy coefficients are shown in Fig. 9.

In Fig. 9 (a), when the fuzzy coefficient was 1.1, the clustering outcomes of FCMT algorithm tended to be 
hard clustering, and the membership degree of data points tended to be 1. The characteristics of fuzzy clustering 
were not fully reflected, resulting in overly clear clustering boundaries and a lack of the gradient characteristics 
that fuzzy clustering should have. In Fig. 9 (b), when the fuzzy coefficient was 2, the FCMT algorithm provided 
a more balanced clustering effect, and the membership distribution of data points was reasonable, which can 
better reflect the fuzzy clustering characteristics of the data, making the clustering results have both fuzzy 
clustering characteristics and good discriminability. In Fig.  9 (c), when the fuzzy coefficient increased to 3, 
although the fuzziness was enhanced, the membership degree of the boundary data points was too low, resulting 
in unclear clustering attribution. This reflected that the interpretability of clustering results decreased when the 
fuzzy coefficient was high. In Fig. 9 (d), when the fuzzy coefficient was further increased to 5, the membership 
degree of most data points was very low, and the clustering results were difficult to judge. This indicated that 
excessively high fuzzy coefficients would lead to overly fuzzy clustering effects, which was not conducive to 
accurately identifying the clustering attribution of data points. In summary, when the fuzzy coefficient was 
2, the FCMT algorithm could best reflect the characteristics of fuzzy clustering while maintaining the clarity 

Number of nodes 100

Interior area 500 m2

Communication radius 50 m

Node processor ARM Cortex-M series

Node RAM 128 KB

Flash storage 1 MB

Expected working life More than 3 years

Table 1.  Experimental platform parameter table.

 

Fig. 8.  The pseudocode of the FCMT-GS-WSN model.
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and interpretability of clustering results, achieving the best balance between clustering effect and fuzziness. 
This moderate degree of fuzziness helps the FCMT algorithm to obtain more accurate clustering results while 
maintaining a certain degree of fuzziness in the data points. When the fuzzy coefficient was 2, the impact of the 
weight allocation index on the clustering performance of the algorithm is denoted in Table 2.

According to Table 2, the RI of the FCMT algorithm stabilized at 0.89 when the weight allocation index was 5. 
The RI of the TS3C algorithm stabilized at 0.74 when the weight allocation index was 5. The RI of the R-Clustering 
algorithm stabilized at 0.54 when the weight allocation index was 15. The RI of the K-Means algorithm stabilized 
at 0.64 when the weight allocation index was 5. From this, the RI of the algorithm increased with the increase 
of the weight allocation index, but when the weight allocation index increased to a certain range, the RI of the 
algorithm would also stabilize. Among them, the FCMT algorithm was the fastest among all algorithms to reach 
a stable state, and its RI was also the highest among all algorithms, demonstrating good clustering performance 
and robustness. When the fuzzy coefficient was 2 and the allocation index was 15, the clustering performance of 
each algorithm in the UCI and MIT Reality datasets is shown in Fig. 10.

Weight distribution index FCMT TS3C R-Clustering K-Means BCOT

1 0.21 0.18 0.19 0.17 0.18

2 0.65 0.51 0.39 0.38 0.42

3 0.78 0.62 0.48 0.51 0.58

4 0.86 0.69 0.51 0.60 0.63

5 0.89 0.74 0.52 0.64 0.61

10 0.89 0.74 0.53 0.64 0.61

15 0.89 0.74 0.54 0.64 0.61

20 0.89 0.74 0.54 0.64 0.61

25 0.89 0.74 0.54 0.64 0.61

30 0.89 0.74 0.54 0.64 0.61

Table 2.  RI of the algorithm under different weight allocation indices.

 

Fig. 9.  Clustering results of FCMT algorithm with different fuzzy coefficients.
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In Fig. 10 (a), due to the optimization of the FCMT algorithm in terms of time series, it had a good clustering 
effect on features 4–8 on the UCI dataset, with an RI of 0.89. The TS3C algorithm exhibited clustering in features 
5 and 9, with an RI value of 0.74. The clustering effect of R-Clustering algorithm was not significant. The K-Means 
algorithm exhibited clustering in features 9–10, but the RI value was relatively low at 0.64. In Fig. 10 (b), the 
FCMT algorithm still maintained good clustering performance on the MIT Reality dataset, with good clustering 
performance in features 2–3 and 5–8, and an RI of 0.89. The clustering performance of other algorithms was poor, 
although R-Clustering has shown clustering effect, the RI value was only 0.54. From this, it can be seen that the 
FCMT algorithm can play a stable clustering role in different environments and has strong universality. Genetic 
Algorithm for Energy-Efficient Clustering and Node Placement (GAECH) and Water Strider Algorithms (WSA) 
It has also been compared as a comparative algorithm39,40. Its performance is shown in Table 3.

According to Table 3, the positioning error of FCMT (0.21 m) is significantly lower than that of GAECH 
(0.38 m) and WSA (0.45 m), mainly due to the accurate modeling of signal propagation by the multidimensional 
Gaussian model. The response speed of FCMT is 0.72 ms, which is fast. The network has a lifecycle of 1520 
rounds and a convergence iteration of 26 times, all of which are better than the comparison algorithms. It can be 
seen that the overall performance of FCMT is good and can meet the real-time requirements of high-precision 
positioning.

Fuzzy coefficient and clustering number are key parameters that affect the performance of FCMT algorithm. 
The adaptive tuning mechanism improves the robustness across various deployment scenarios as follows:

Adaptive adjustment of fuzzy coefficients: Through an adaptive adjustment mechanism, fuzzy coefficients 
can be dynamically adjusted based on the distribution characteristics of data. When the data distribution is 
dense and the feature differences are significant, reducing the fuzzy coefficient can enhance the discriminative 
power of clustering. On the contrary, when there are significant differences in data features, increasing the blur 
coefficient to accommodate more differences in data features. This adjustment helps achieve the best clustering 
effect and balance of fuzziness under different data distributions.

Adaptive adjustment of clustering number: Based on the size and complexity of the dataset, research is 
conducted on using density or distance based clustering structure recognition methods to automatically 
determine the optimal number of clusters. This adaptive adjustment mechanism enables the algorithm to adapt 
to different data environments and maintain stable clustering and localization performance.

The research introduces an adaptive tuning mechanism that enhances the robustness of the model in various 
deployment scenarios. This mechanism allows the model to dynamically adjust key parameters based on the 
characteristics of different scenarios without the need for manual intervention, thereby making the model more 
adaptable and stable. To demonstrate the adaptability of the model more clearly, the following are some specific 
deployment scenarios:

Performance index FCMT [This study] GAECH39 WSA40

Average positioning error (m) 0.21 0.38 0.45

Response time (ms) 0.72 1.05 1.2

Average daily energy consumption per node (mJ) 8.75 12.3 14.6

Network life cycle (Rounds) 1520 980 850

Number of convergence iterations 26 42 38

Table 3.  Performance comparison table of FCMT, GAECH and WSA.

 

Fig. 10.  The clustering effect of each algorithm on different datasets.
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(1) High density node scenario: In densely deployed environments such as industrial automation workshops, 
the model can optimize fuzzy coefficients to enhance clustering resolution, thereby more accurately locating 
each node and avoiding signal interference and positioning errors caused by too many nodes. (2) Low density 
node scenarios: In some environmental monitoring scenarios with wide coverage but few nodes, the model can 
adjust the number of clusters to ensure accurate division of node distribution in different regions even in sparse 
data features, thereby improving localization accuracy. (3) Dynamic change scenario: In scenarios where the 
location and quantity of nodes such as logistics warehouses change over time, the adaptive tuning mechanism 
of the model can respond to these changes in a timely manner, dynamically adjusting parameters to maintain 
the accuracy and efficiency of positioning. (4) Complex environmental scenarios: In scenarios with complex 
signal propagation conditions such as multipath interference and non line of sight propagation (such as inside 
intelligent buildings), the model can better handle signal uncertainty by optimizing the fuzzy coefficient and 
clustering quantity, thereby improving the robustness of positioning.

Analysis of positioning effect of WSN model
The FCMT algorithm showed good clustering performance on both the UCI and MIT Reality datasets. To 
further explore the positioning accuracy of FCMT-GS-WSN, a hybrid positioning model based on Time of 
Arrival-Received Signal Strength (TOA-RS) and a distributed positioning model based on Received Signal 
Strength-Angle-of-Arrival (RSS-AOA) were used as comparative models. TOA-RSS model can combine time 
arrival information and signal strength information, and RSS-AOA model uses the characteristics of wireless 
signal strength attenuation with distance to locate, so it is widely used. When using BIM technology to improve 
positioning accuracy, random deployment allows the network to quickly adapt to changes in the environment, 
such as node movement or energy consumption, without the need for complex pre-deployment planning. 
In addition, random deployment provides better coverage, especially in unknown or dynamically changing 
environments, which is critical for application scenarios that require rapid deployment and high robustness. 
In practical applications, increasing the number of ANs can improve the accuracy of positioning, but it also 
increases deployment and computation costs. To investigate the impact of the amount of ANs on the positioning 
accuracy of FCMT-GS-WSN, different numbers of anchor point systems were tested, and the test outcomes are 
denoted in Fig. 11.

In Fig. 11 (a), when AN = 12, the FCMT-GS-WSN had the most accurate positioning, and the PE of all test 
points was below 5.41 m. When AN = 9, the PE of all test points was below 6.30 m. In Fig. 11 (b), when AN = 12, 
the error fluctuation range of the test point was the smallest, and the highest error was 4.81 m at this time. When 
AN = 9, the error of the test point remained stable and not significant, with a maximum error of 5.41 m. But 
when AN was less than 6, the error fluctuation of the test point was large, especially when AN = 3, the maximum 
error of the test point reached 22.82 m. From this, under the influence of multidimensional Gaussian model 
optimization, FCMT-GS-WSN had good localization performance. Although a higher AN can ensure better 
positioning performance, it will increase deployment costs and resource consumption. Therefore, choosing AN 
9 is more suitable. The AN was determined to be 9. By collecting the positioning errors of each model under 
different communication radii of 25 m to 50 m, the average value is calculated, and the trend of error change 
with the communication radius is observed. The average PE of each model under different communication radii 
is shown in Table 4.

The data in Table 4 shows that as the communication radius increased, the average PEs of FCMT-GS-WSN, 
TOA-RS, and RSS-AOA all decreased. Due to the larger communication radius, the number of hops in inter 
node communication was reduced, thereby reducing the cumulative error in multi hop communication. When 
the communication radius was 25 m, the average PEs of the three models were 0.52 m, 0.63 m, and 0.69 m, 
respectively. However, when the communication radius increased to 50  m, the errors decreased to 0.21  m, 
0.39  m, and 0.42  m, respectively. Among them, FCMT-GS-WSN showed good positioning accuracy under 
different communication radii. When the communication radius ws 40 m, the average PE stabilized at a low 
level of 0.21 m. The TOA-RS model had a large error in small radii, but as the communication radius increased, 

Fig. 11.  Test point positioning error.
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the error decreased significantly. In contrast, the RSS-AOA model showed a relatively small decrease in error as 
the communication radius increased, indicating limited performance improvement under large radii. From this, 
FCMT-GS-WSN can perform precise positioning under different communication radius conditions, solving the 
impact of communication radius on network node positioning. The PEs of each model under different beacon 
node ratios are denoted in Fig. 12.

According to Fig. 12, as the proportion of beacon nodes in the total number of nodes increased, the average 
PE of each model showed a decreasing trend. Due to the increase in the amount of beacon nodes, the amount 
of hops from unknown nodes to beacon nodes decreased, thereby reducing path errors caused by multi hop 
communication. In addition, FCMT-GS-WSN could obtain more accurate hop count estimation by further 
refining the communication radius of network nodes. Therefore, when the proportion of beacon nodes reached 
30–40%, the average error tended to stabilize at 0.21 m. The TOA-RS model only stabilized at 0.32 m when 
the proportion of beacon nodes increased to 35%. The average PE of the RSS-AOA model remained unstable 
even when the proportion of beacon nodes increased to 40%. The FCMT-GS-WSN reduced the average error 
by 52.38% compared to the TOA-RS model. From this, it can be seen that FCMT-GS-WSN can still ensure 
positioning accuracy and precision when the proportion of beacon nodes is low, reducing costs and energy 
consumption. When the beacon node is 35, the average error and positioning response time of each model 
under different total node numbers are shown in Fig. 13.

In Fig. 13 (a), the average error of each model decreased with the increase of the amount of nodes. This is 
because increasing the number of nodes can provide more path options, which helps to choose shorter or better 
transmission paths, reducing signal attenuation and errors during transmission. Among them, FCMT-GS-WSN 
stabilized at 0.21 when the total number of nodes reached 100, while TOA-RS and RSS-AOA models still showed 
a downward trend until the total amount of nodes reached 200. In Fig. 13 (b), the response time of each model 
increased with the increase of the amount of nodes. This is because more nodes mean more measurement data 
and reference points, which undoubtedly increases the computational complexity of the model. As the amount 
of nodes increased, the response time of FCMT-GS-WSN grew slowly. When the amount of nodes was 50, the 
response time was 0.41ms, which was 0.20 ms faster than the second TOA-RSS model. When the amount of nodes 
increased to 200, the response time of FCMT-GS-WSN was 0.72 ms, which was 0.33 ms faster than the second 
TOA-RSS model. In summary, FCMT-GS-WSN can achieve high positioning accuracy with a small number of 
nodes, and can also ensure fast response in scenarios with a large number of nodes, demonstrating versatility in 
different scenarios. In the practical application of a certain logistics warehouse, the influence of FCMT model 
and Gaussian model in FCMT-GS-WSN on the whole framework is analyzed and tested. The Improved Chimp 

Fig. 12.  The positioning error of the model under different ratio of beacon nodes.

 

Communication radius (m) FCMT-GS-WSN TOA-RSS RSS-AOA

25 0.52 m 0.63 m 0.69 m

30 0.43 m 0.55 m 0.60 m

35 0.32 m 0.50 m 0.53 m

40 0.21 m 0.46 m 0.48 m

45 0.21 m 0.42 m 0.45 m

50 0.21 m 0.39 m 0.42 m

Table 4.  The average positioning error of each model under different communication radius.
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Optimization and Harris Hawk Optimization Algorithm (ICHHO) was also used as a comparison model41. The 
test results are shown in Fig. 14.

In Fig. 14 (a), when the resource utilization rate is 62.57%, FCMT-GS-WSN can maintain a relatively high 
accuracy at 0.28 m while ensuring a relatively low resource utilization rate. In contrast, the ICHHO algorithm’s 
positioning accuracy is 0.41 m. When the FCMT-GS-WSN does not adopt the FCMT algorithm, the positioning 
accuracy is 0.79 m, and when the Gaussian model is not adopted, the positioning accuracy is 0.84 m. It can 
be seen that the Gaussian model has a greater influence on the positioning accuracy of FCMT-GS-WSN. The 
positioning accuracy of FCMT-GS-WSN is improved by 0.13 m compared with ICHHO algorithm. In Fig. 14 
(b), when the resource occupancy rate is 62.57%, the cross entropy loss of FCMT-GS-WSN is 0.09, and that of 
ICHHO algorithm is 0.13. It can be seen that FCMT-GS-WSN can predict the position more accurately. In the 
actual test, FCMT-GS-WSN can accurately locate the logistics location of the logistics warehouse under the 
condition of low resource utilization.

Computational complexity and energy analysis
In terms of computational complexity, the time complexity of FCMT algorithm mainly depends on the fuzzy 
coefficient and the number of feature points. When the blur coefficient is 2 and the number of feature points is 
100, the time complexity is O (100 × log × 100). This indicates that as the number of feature points increases, 
the processing time will increase logarithmically, making it a relatively efficient algorithm. In addition, the 
computational complexity of the multidimensional Gaussian model is O (50 × 50), which is relatively stable 
in processing time when the sample size is 50. Overall, the FCMT-GS-WSN model has low computational 
complexity and is suitable for application in resource constrained WSN environments.

In terms of energy analysis, node energy consumption mainly comes from factors such as sampling frequency, 
node density, and communication radius. When the sampling frequency is 100 Hz, the node density is 0.2 nodes 
per square meter, and the communication radius is 30 m, the average energy consumption of nodes is 0.42 joules 

Fig. 14.  Positioning accuracy and cross entropy loss of each model under different resource utilization.

 

Fig. 13.  The average error and positioning response time of the model under different total number of nodes.
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per hour. This indicates that at a reasonable sampling frequency and node density, the energy consumption 
of nodes is at a lower level, which helps to extend the lifespan of the network. In addition, by optimizing the 
sampling box and fuzzy inference algorithm, the energy consumption of nodes can be further reduced. When 
the communication radius increases to 40  m, energy consumption can be reduced to 0.35 joules per hour, 
indicating that increasing the communication radius helps to reduce energy consumption, but the relationship 
between communication costs and energy consumption needs to be balanced.

Conclusion
This study mainly focuses on the positioning technology in WSNs. To address the challenges of traditional 
positioning methods in terms of accuracy and efficiency, a WSN positioning technology based on improved 
sampling boxes and fuzzy reasoning was proposed. The study adopted a fuzzy clustering algorithm based on time 
series optimization and combined it with a multidimensional Gaussian model to optimize the sampling box, to 
raise the accuracy and efficiency of localization. The research results indicated that the FCMT algorithm exhibited 
good clustering performance and robustness under different fuzzy coefficients and weight allocation indices. 
Tests on the UCI and MIT Reality datasets showed that the clustering performance of the FCMT algorithm was 
superior to the comparison algorithms, with its RI remaining stable at 0.89 when the weight allocation index 
was 5, significantly higher than other algorithms. In addition, the average PE of FCMT-GS-WSN was lower than 
other models under different communication radii and beacon node ratios. When the proportion of beacon 
nodes reached 40%, the average error of FCMT-GS-WSN stabilized at 0.21 m, which was 52.38% lower than the 
TOA-RS model. As the amount of nodes increased, the response time of FCMT-GS-WSN grew slowly. When the 
number of nodes was 50 and 200, the response times of FCMT-GS-WSN were 0.41ms and 0.72ms, respectively, 
which were 0.20ms and 0.33ms faster than the second TOA-RS model. The positioning accuracy of FCMT-GS-
WSN when the resource usage is 62.57% is improved by 0.13 m compared with ICHHO algorithm. In summary, 
the FCMT-GS-WSN model can maintain fast response in scenarios with a large number of nodes while ensuring 
positioning accuracy, demonstrating versatility and efficiency in different scenarios. Although research has 
made progress in improving the positioning accuracy of WSN, the performance of the FCMT-GS-WSN model 
still needs to be further verified under extreme environmental conditions. For instance, in harsh environments 
such as high temperatures, high humidity, and strong electromagnetic interference, positioning accuracy may 
be affected. In the future, the FCMT-GS-WSN model will be applied to various extreme environments, and a 
large number of experiments will be conducted to collect data and analyze the specific influence of different 
environmental factors on the positioning accuracy, thereby dynamically optimizing the algorithm parameters. 
In addition to the existing application scenarios, we also plan to extend the FCMT-GS-WSN model to more 
fields. For example, irrigation equipment used to monitor the growth environment of crops and achieve precise 
positioning. In intelligent transportation, it is used for high-precision positioning of vehicles and traffic flow 
monitoring, etc.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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