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SUMMARY: Aiming at the deficiencies of the traditional covariance cross-fusion algorithm 

in terms of computational complexity and fusion accuracy, this paper proposes an improved 

multi-sensor data fusion and optimization algorithm for enhancing the accuracy and speed of 

the grid flooding intelligent warning system. The method combines the Drosophila optimization 

algorithm to optimize the fusion coefficients, the dynamic weight allocation method based on 

information entropy and the attention mechanism to enhance the ability of capturing the key 

data features to improve the robustness and adaptability of the system. The efficient fusion of 

data and decision layers is achieved by designing a two-stage fusion method combined with 

Kalman filtering, adaptive weighted averaging and ELM neural network with ARO 

optimization. The results show that the proposed algorithm outperforms traditional methods in 

terms of root mean square error, fusion time, and warning accuracy, especially in high-noise 

environments and large-scale sensor networks. The study provides a reliable technical support 

for the grid flooding intelligent warning system, which has important theoretical value and 

practical application prospects. 
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1 Introduction 

In recent years, with the rapid development of social and economic development and 

industrialization, the demand for electricity has increased dramatically, and the grid intelligent 

early warning system has become the key to ensure the safe and stable operation of power 

equipment [1]. The traditional manual inspection and static monitoring methods have been 

difficult to meet the demand for real-time, accuracy and reliability of the modern power grid. 

Internet of Things (IoT) technology, with its efficient data acquisition, transmission and 

processing capabilities, has gradually become the core technology for power grid monitoring 

and management, and the introduction of intelligent early warning system can realize the early 

identification of faults and rapid response, and effectively improve the stability and security of 

the power grid [2, 3]. 

The technology for real-time collection of grid condition data relies on Wireless Sensor 

Networks (WSNs), which utilize distributed sensor nodes to acquire electrical and 

environmental data from various monitoring points [4]. Sensor nodes are generally designed 

with low power consumption for long-term stable operation. The transmission of data after 
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acquisition is carried out with the help of wireless communication protocols, commonly used 

communication protocols include LoRa, NB-IoT, and Zigbee.LoRa (Long Range) technology 

is suitable for data transmission between sensor nodes that are widely distributed in the grid 

due to its long range, low power consumption, and low bandwidth characteristics [5]. NB-IoT 

(Narrowband Internet of Things) technology with the help of transmitting data in low frequency 

bands has stronger penetration and wide network coverage, which is suitable for grid 

monitoring in urban and remote areas [6, 7]. Zigbee protocol is suitable for low-power, short-

distance data transmission in localized areas [8]. Communication protocols for grid monitoring 

systems need to be selected according to the actual application scenarios in order to guarantee 

the reliability, real-time and energy-saving of data transmission [9, 10]. Real-time data analysis 

is an indispensable part of the intelligent early warning system, which relies on IoT technology 

to assess the operational status of the power grid based on continuously collected real-time data. 

In terms of data analysis, the use of time series data analysis method, dynamic modeling of 

various indicators of the power grid, timely detection of abnormal fluctuations, based on the 

trend analysis of the data and the combination of historical data and real-time data, can achieve 

the prediction of the state of the power grid and the early warning of faults [11, 12]. 

Due to the differences in physical principles, working environments, and performance of 

different sensors, the data collected are usually redundant, contradictory, or even conflicting, 

thus affecting the effective utilization and accurate analysis of the data. In order to overcome 

these deficiencies and improve the accuracy and efficiency of data processing, multi-sensor 

data fusion algorithms have emerged. Multi-sensor data fusion aims at realizing data 

complementarity and enhancement by integrating information from different sensors, thus 

forming a more comprehensive, accurate and reliable understanding of the monitoring object 

or environment [13, 14]. The role of data fusion is mainly reflected in [15, 16]: first, the main 

energy consumption of sensor nodes is in data acquisition, data computing, and data 

transmission, and the energy consumed by sensor nodes in a wireless sensor network for data 

transmission is much larger than that consumed by computation within the nodes. Second, the 

sensor network consists of a large number of low-cost deployment in a variety of environments 

sensor nodes, sensor nodes transmitted data has a high degree of unreliability, the harsh 

operating environment may damage the function of the node, making the node in the abnormal 

state of work can not send the correct data. Multi-sensor data fusion algorithms and 

optimization can effectively eliminate redundancy and conflict between data, and currently 

become one of the key technologies to achieve high-precision sensing and decision-making in 

the field of intelligent monitoring and early warning of power grid faults [17, 18]. To this end, 

the research is carried out on the basis of multi-sensor data fusion technology, introducing the 

fruit fly optimization algorithm to improve the traditional covariance cross-fusion algorithm, 

and then calculating the quality index of each sensor data based on the data fusion algorithm of 

dynamic weight allocation and attention mechanism. At the same time, for the problem of 

diverse sensor data types and inconsistent quality in the grid flooding intelligent warning system, 

a two-level fusion method is proposed to improve the reliability and robustness of the system. 

2 Related work 

2.1 Multi-sensor data fusion technology 

Multi-sensor data fusion technology is a method of comprehensively processing multi-source 

information, which realizes information complementarity and redundancy by integrating data 

collected by multiple sensors, thus obtaining more comprehensive and accurate monitoring 

results than a single sensor. With the development of Internet of Things and artificial 
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intelligence technology, this technology has turned out to be the key to solving complex 

environmental monitoring problems, and it has a wide range of applications in the fields of 

electric power system safety monitoring, industrial equipment fault diagnosis, and intelligent 

transportation. 

The research on multi-sensor data fusion in power grid systems started earlier and is 

therefore relatively perfect. In recent years, the research mainly focuses on the problem of grid 

fault monitoring.Jiao et al [19] (2018) established a transmission line fault localization model 

based on multi-sensor data fusion in response to the impact of power line faults on the stability 

of the power system, and launched performance tests in different fault types, fault locations, 

and fault resistances, and achieved excellent experimental results.De Farias et al [20] (2019) 

proposed a multi-sensor data fusion technique that can divide monitoring intervals into multiple 

non-overlapping and overlapping intervals and effectively identify potential correlations in 

abstract sensors, and the results of simulation experiments and node tests proved the value of 

the application of this technique in terms of saving energy and extending the operational 

life.CAO et al [21] (2022) in power system inspection UAVs incorporates a multi-sensor fusion 

data analysis model, which has an early warning performance ratio and efficiency ratio of more 

than 97%, and the failure rate of fault detection and processing time are reduced by 10.2% and 

7.8%, respectively.Jiang [22] (2022) utilizes data fusion of multiple sensors in combination 

with the output plausibility ranking for location localization of interruption fault scenarios in 

the distribution system, and the computational efficiency of the proposed method is higher than 

that of the The computational efficiency of the proposed method is much higher than the 

existing methods, and the judgment accuracy is much higher than the state-of-the-art 

technology.Kang et al [23] (2024) used the constructed multivariate data fusion fault analysis 

model based on the fault dataset of the distribution network for the warning training, and 

through the experimental analysis, it can be seen that the grid equipment model based on the 

multisensor data fusion algorithm has a better fit and effect on the warning of faults, and the 

prediction accuracy reaches over 99%, which is highly practical. , which has a high degree of 

practicality. 

The basic principle of multi-sensor data fusion is to detect, combine, correlate, estimate and 

combine multi-source data through multi-level and multi-faceted data processing process to 

achieve accurate state estimation and real-time assessment. According to different fusion levels, 

it can be divided into three levels: data layer fusion, feature layer fusion and decision layer 

fusion. Data layer fusion directly processes the original sensor data, feature layer fusion fuses 

the extracted features, and decision layer fusion fuses each sensor to make decisions 

independently. From the mathematical point of view, multi-sensor data fusion can be expressed 

as: 

 1 2( , ,..., )nY F X X X  (1) 

where nX  denotes the first n  sensor output, F  denotes the fusion function, and Y  is the 

fusion result. The covariance cross-fertilization algorithm is a state fusion method based on 

Bayesian estimation, which is suitable for processing multi-sensor data with correlation, and 

the basic form of this algorithm is: 

 
1 1

1( )n

i iP P 

   (2) 



Huang et al. 

4 

where iX  and iP  are the state estimation and covariance matrix of the i th sensor, 

respectively, and iX  and iP  are the state estimation and covariance matrix after fusion, 

respectively. 

Dynamic weight assignment is a method to dynamically adjust the weights according to the 

quality of sensor data, and its mathematical expression is: 

 

2

2

1

exp( )

exp( )

i
i n

j j

w







 
 (3) 

where iw  is the weight of the i th sensor, 2

i  is the measurement variance of this sensor, and 

  is the adjustment parameter. In the study of multi-sensor data fusion in IoT environment, 

the fusion optimization algorithm model is proposed by combining dynamic weight allocation, 

attention mechanism and conflict elimination strategy. The attention mechanism can be 

expressed as: 

 soft max( ( ) ) ( )T

i q i k i u iA W X W X W X    (4) 

where 
qW , kW , uW  are the weight matrices of the query, key and value, respectively, and 

iX  are the input features. 

Neural networks are widely used in multi-sensor data fusion due to their powerful nonlinear 

fitting ability and adaptive learning ability. Commonly used neural network models include BP 

neural network, RBF neural network and ELM neural network. 

The attention mechanism can be expressed as: 

2.2 Application of Optimization Algorithms in Data Fusion 

Optimization algorithms play a key role in the field of data fusion by finding the best 

combination of parameters to enhance the fusion effect, effectively solving the problems of 

difficult parameter selection and insufficient fusion accuracy in traditional data fusion methods. 

With the increasing complexity of multi-sensor systems, optimization algorithms are 

increasingly widely used. 

Intelligent algorithms have made rapid development in recent years, and various intelligent 

algorithms such as back propagation neural networks and convolutional neural networks have 

made significant progress in the direction of pattern recognition, data prediction, etc., and some 

researchers have taken an alternative approach to apply intelligent algorithms to multi-sensor 

data fusion technology [24]. Zhen et al [25] (2018) calculated the multi-sensor data fusion 

algorithm in the power grid system by asynchronous clustering algorithm sensor most group 

number to reduce the data flow of the grid, based on the principle of multi-sensor information 

fusion and detection to achieve multi-source information fusion in the grid system, the method 

demonstrates high information fusion accuracy and stability, and can reduce the loss of the 

grid.Sun et al [26] (2019) realized the abnormal and noisy data through the improved genetic 

algorithm degree multi-sensor data fusion algorithm and you character optimization of effective 

elimination, dramatically improving the accuracy of data fusion and reducing the execution 

time of the algorithm.Li et al [27] (2025) combined multi-sensor data fusion and deep learning 

methods to break the barriers of uneven point distribution and environmental interference, and 

the recognition accuracy of the grid pylons in different environments reaches 90.8%, which 

provides a strong support for the intelligent detection and management of power grid facilities. 
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Nowadays, intelligent algorithms have been widely used in a variety of data fusion scenarios, 

however, they are still difficult to use in practice. 

Fruit fly optimization algorithm (FOA) is a kind of intelligent algorithm simulating the 

foraging behavior of fruit flies, which has the characteristics of few parameters, simple 

implementation and fast convergence, and its basic mathematical model is: 

  0   Random ValueaxisX X    (5) 

  0   Random ValueaxisY Y    (6) 

 2 2

i i iDist X Y   (7) 

 
1

i

i

S
Dist

  (8) 

 ( )i iSmell Function S  (9) 

where  axisX  and  axisY  represent the population position, iDist  is the distance of 

Drosophila individuals to the origin, iS  is the value of the odor concentration determination, 

and iSmell  is the value of the fitness function. . 

Particle Swarm Optimization (PSO) algorithm is a stochastic search algorithm based on 

group intelligence, which simulates the foraging behavior of bird flocks and uses the 

information shared by the particles in the group to find the optimal solution, and its iterative 

update formula is: 

    1

1 1 2 2   t t t t

id ia id id gd idv w v c r p x c r p x          (10) 

where 1t

idv   and t

idx  denote the 𝑑-dimensional velocity and position of the i th particle at the 

t th iteration, respectively, w  is the inertia weight, 1c  and 2c  are the learning factor, 1r  and 

2r  are random numbers between [0,1], idp  is the individual optimal position, and 
gdp  is the 

global optimal position. 

2.3 Application of Neural Networks in Data Fusion 

Neural network has become an important technology in the field of multi-sensor data fusion 

because of its strong nonlinear mapping ability, good adaptive learning and high fault tolerance. 

It can effectively deal with the uncertainty, incompleteness and conflict problems in sensor data 

and realize high-precision fusion. The development of deep learning technology makes neural 

networks more and more widely used in data fusion, especially in the processing of high-

dimensional complex data, BP neural network is a kind of classical feed-forward neural network, 

trained with the error back propagation algorithm, with strong nonlinear fitting ability. However, 

the traditional BPNN encounters dimensional catastrophe when dealing with high-dimensional 

data, and it is easy to fall into the local optimum, to address these problems, a BP neural network 

model based on rough set theory (RS-BPNN) is proposed. This model uses rough set attribute 

approximation algorithm to feature mine the system data and reduce the system data 
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dimensionality without affecting the fusion effect, and then uses BP neural network to fuse the 

minimal approximation after the approximation. 

The RS-BPNN model is mathematically expressed as: 

 1( )m

i i ij i jy f x 

    (11) 

where 
ix  is the input feature after rough set approximation, 

ij  is the connection weight, 
j  

is the threshold, and ( )f   is the activation function. The rough set approximation process can 

be expressed as: 

 
( )

( )
C

C

POS D
D

U
   (12) 

where ( )C D  is the dependence of the attribute set C  on the decision attribute D , 

( )CPOS D  is the positive domain of C  with respect to D , and U  is the argument domain. 

The case validation of water quality class evaluation shows that the RS-BPNN model 

improves 43.2% and 35.8% in fusion accuracy and speed, respectively, than the traditional 

BPNN. Radial basis function neural network is a kind of feed-forward neural network with 

strong local approximation ability, and its output is: 

 1 ( / )h

k j jk j jy x c      (13) 

Among them, ( )   is the radial basis function, usually chosen as Gaussian function, 
jc  

is the center vector of the node of the j th hidden layer, 
j  is the width parameter, and 

jk  

is the weight of the connection from the hidden layer to the output layer. 

The traditional RBFNN parameters are difficult to choose to affect the network performance. 

Zhiwei Xue proposes a particle swarm optimization based RBFNN (PSO-RBFNN) model, 

which uses PSO algorithm to find the optimal network parameters including center vector, 

width parameter and weights.The PSO-RBFNN optimization objective function is: 

 2

1 1

1

ˆ( )N m

i k ik ik

J
N y y 


 

 (14) 

where iky  is the actual output, ˆ
iky  is the network output, N  is the number of samples, and 

m  is the number of output dimensions. The air quality index case validates the effectiveness 

of the method, and the fusion accuracy is improved by 39.4% over the traditional RBFNN. 

3 Modeling 

3.1 Improvement of the covariance cross-fertilization algorithm 

Covariance cross-fertilization algorithms are widely used in the field of multi-sensor data fusion, 

especially when dealing with correlated sensor data, the advantages are obvious. However, the 

traditional algorithm is too complicated to compute when facing large-scale sensor networks, 

and the fusion accuracy is not satisfactory enough. Therefore, this study improves the 

covariance cross-fusion algorithm by introducing the fruit fly optimization algorithm in to 
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optimize the fusion coefficients, which improves the accuracy and computational speed of data 

fusion. With the increase in the number of sensors in practical applications, the matrix inverse 

operation leads to a sharp increase in computational complexity, and it is also easy to introduce 

numerical errors. 

In this paper, the covariance cross-fusion algorithm is improved, and the state update 

equation is expressed as in the Kalman filter framework: 

 1 1
ˆ ˆ( )k k kk k k k

k k X K Z H X
 

    (15) 

The covariance matrix update equation is: 

 1
( )k kk k k k

P I K H P


   (16) 

where kK  is the Kalman gain, kH  is the observation matrix, and 
1k k

P


 is the prediction 

covariance matrix. 

This study transforms the multi-sensor data fusion problem into a convex combinatorial 

optimization problem: 

 1 1, 0n

i i i     (17) 

where i  is the fusion coefficient of the i th sensor. The key problem is to determine the 

optimal fusion coefficients so that the fusion result achieves the minimum mean square error. 

To solve this problem, we introduce the fruit fly optimization algorithm (FOA) to optimize 

the fusion coefficients. The algorithm simulates the foraging behavior of Drosophila, with few 

parameters, simple implementation and fast convergence. 

The process of the improved covariance cross-fertilization algorithm includes initializing 

the Drosophila population position and parameters, randomly generating individual Drosophila 

positions, calculating the distance of individuals to the origin and the judgment value of odor 

concentration, substituting into the fitness function to calculate the fitness values of each 

individual, finding the optimal fitness value and the corresponding Drosophila individual, 

retaining the optimal Drosophila position, and the other Drosophila fly towards the optimal 

position, repeating the above steps until reaching the maximum number of iterations, and finally 

outputting the optimal fusion coefficients. The above steps are repeated until the maximum 

number of iterations is reached, and finally the optimal fusion coefficient is output. 

3.2 Dynamic weight allocation and attention mechanisms 

In multi-sensor data fusion systems, the measurement accuracy, reliability and environmental 

adaptability of different sensors differ significantly, and in order to give full play to the 

advantages of each sensor and suppress the defects, the dynamic weight allocation and attention 

mechanism has become a key technology to optimize the effect of data fusion. 

The traditional static weight allocation method usually relies on a priori knowledge to preset 

fixed weights, which is difficult to adapt to the dynamic changes in sensor performance and 

environmental conditions. The dynamic weight allocation mechanism, on the other hand, can 

adaptively adjust the weight coefficients according to the real-time state of the sensor and data 

quality, and its basic mathematical model is: 

 ( , , , )i i i if q e r t   (18) 
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where i  represents the first i  sensor weight, iq  denotes the data quality factor, ie  

denotes the estimation error, ir  denotes the sensor reliability, and t  is the time variable. 

In this study, the dynamic weight assignment method based on measurement variance is 

used, and the mathematical expression is: 

 

2
var

2

1

1/

1/

i
i n

j i









 (19) 

where 2

i  represents the measurement variance of the i th sensor, which gives higher weights 

to low variance (high accuracy) sensors but performs poorly in the presence of outliers or 

systematic biases. 

To solve the above problem, we introduce a dynamic weight assignment method based on 

information entropy: 

 
1

1

(1 )

ent i
i n

j i

H

H








 (20) 

where iH  is the normalized information entropy of the i th sensor data, calculated as: 

 1 logm

i k ik ikH p p   (21) 

where ikp  is the probability of the i th sensor's k  state. 

The attention mechanism originates from the human visual system, which can automatically 

focus on important information, and highlights the contribution of key sensor data by 

calculating the attention weights in multi-sensor data fusion. Combining the attention 

mechanism, we propose an improved dynamic weight distribution formula. When   is larger, 

the weight distribution is more concentrated on the sensors with high attention scores, and when 

  is smaller, the weight distribution is more uniform. The data fusion algorithm based on 

dynamic weight allocation and attention mechanism. The process includes, calculating the 

quality indicators (variance, information entropy, etc.) of each sensor's data, using the attention 

mechanism to calculate the attention score of each sensor, calculating the dynamic weights 

based on the attention score, and finally using the dynamic weights for weighted fusion. 

3.3 Two-level fusion methods 

Aiming at the problem of diverse sensor data types and inconsistent quality in the grid flooding 

intelligent warning system, this study proposes a two-level fusion method to improve the 

system reliability and robustness. The method utilizes Kalman filtering and adaptive weighted 

average algorithm for one-level fusion processing when dealing with the same type of sensor 

data. The mathematical expression of Kalman filtering for noise reduction processing of single 

sensor data is: 

 1 1
ˆ ˆ ˆ( )k k kk k k k k k

X X K Z H X
 

    (22) 

 1
( )k kk k k k

P I K H P


   (23) 
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where ˆ
k k

X  represents the state estimate, 
1

ˆ
k k

X


 is the predicted value, kK  denotes the 

Kalman gain, kZ  is the observed value, kH  represents the observation matrix, and 
k k

P  and 

1k k
P


 denote the estimated and predicted covariance, respectively. 

For the same type of multi-sensor data, the adaptive weighted average algorithm is used for 

fusion: 

 1

1

ˆ ˆ
n

i i

i

X w X


  (24) 

where 1X̂  is the first level fusion result, ˆ
iX  denotes the filtered data of the i th sensor, and 

iw  stands for the adaptive weights, which are calculated as: 

 

2

2

1/

1/

i
i in

j i i

w





 


 (25) 

where 2

i  is the measurement variance of the i th sensor, and i  denotes the reliability 

coefficient dynamically adjusted according to the historical performance of the sensor. The 

second-level fusion then uses the ARO-optimized ELM neural network for decision fusion, and 

the basic ELM model is: 

 1( ) ( )L

i i i if x g w x b H      (26) 

where ( )g   is the activation function, iw  and ib  represent the input weights and bias, 

respectively, i  denotes the output weights, and H  stands for the hidden layer output matrix. 

The random generation of input weights and biases by traditional ELM leads to unstable 

network performance, so the ARO algorithm is introduced to optimize the parameters, and the 

ARO algorithm simulates the rabbits' behavior of foraging, alerting and escaping, and the 

mathematical model of foraging phase is: 

 
1

, , 1 , , 2 , ,( ) ( )t t t t t t

i d i d best d i d rand d i dX X r X X r X X         (27) 

The alert phase is: 

 
1

, , 3 , ,( )t t t t

i d i d best d i d iX X r X X F       (28) 

Escape stage for: 

 
1

, , 4 , ,( )t t t t

i d i d rand d i dX X r L X X       (29) 

where ,

t

i dX  represents the 𝑑-dimensional position of the 𝑖 rabbit at the 𝑡th iteration, ,

t

best dX  

is the current optimal position, ,

t

rand dX  represents the random position, and 1r  to 4r  is the 

number of [0,1]  intervals. random numbers, iF  denotes the vigilance factor, and L  is the 

escape step. 
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The ARO-ELM optimization objective function is: 

 
2 2

1

1
( )N

i i iJ f x y
N

     (30) 

where N  is the number of samples, iy  denotes the target output, and   is the 

regularization parameter. 

4 Experiments and analysis of results 

4.1 Experimental design 

In order to verify the effectiveness of the multi-sensor data fusion and optimization algorithm 

proposed in this paper in the grid flooding intelligent early warning system, a complete set of 

experimental scheme is designed, including the design of the experimental environment, data 

acquisition, data preprocessing and algorithm implementation. 

The experimental environment consists of two parts: hardware and software. The hardware 

environment includes a computing platform with Intel Core i7-12700K CPU, 32GB RAM and 

NVIDIA RTX 3080Ti GPU, a distributed sensor network consisting of 20 water level sensors, 

15 temperature sensors, 15 humidity sensors and 10 pressure sensors, and an NI-DC with a 

sampling frequency of 100Hz on a NI-DAQ data acquisition card. 

For the software environment, MATLAB R2023a was used for algorithm implementation 

and simulation, Python 3.9 was responsible for data preprocessing and visualization, and 

LabVIEW 2022 was used for sensor data acquisition and control. The data acquisition work is 

divided into two parts: the laboratory simulation data and the actual grid environment data, the 

former through the 1:10 scale grid equipment miniature model simulation of different degrees 

of flooding scenarios, the latter from a provincial power company to obtain the three substations, 

the sensor arrangement follows the principle of “multi-level, multi-angle, full coverage,” 

around the key equipment, set up high-density sensor arrays, the non-sensor array, and the non-

sensor array is set up. The sensor arrangement follows the principle of “multi-level, multi-angle, 

full coverage”, with high-density sensor arrays around key equipment and low-density 

arrangements in non-critical areas. Specific sensor parameters are shown in Table 1, the data 

acquisition period is 10 minutes, each acquisition lasts for 30 seconds, the sampling frequency 

is 100Hz, in order to simulate the interference and abnormal conditions in the real environment, 

some experiments artificially introduce noise and sensor failure, the data set contains normal 

state data (70%), slight flooding data (20%) and severe flooding data (10%), the total collection 

time is 30 days, the cumulative data volume is about The total collection time is 30 days and 

the accumulated data volume is about 250GB. 

Table 1: Sensor Parameters Used in the Experiment 

Sensor type Model Measurement range Precision Quantity 

Water level sensor WL-100 0-100 cm  0.5cm 20 

Temperature sensor PT100 -50 C -150 C   0.1 C  15 

Humidity sensor HS-220 0-100%RH  2%RH 15 

Pressure sensor PS-500 0-500kPa  0.5% 10 

 

The original sensor data have problems such as noise, outliers and missing values, which 

need to be preprocessed to improve data quality. The data preprocessing flow is shown in Figure 
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1, and the specific preprocessing steps include noise removal, detection and processing of 

outliers, filling of missing values, data normalization, time alignment and feature extraction. 

Noise removal adopts wavelet transform denoising method, choosing dB5 wavelet, the number 

of decomposition layers is 4, and high-frequency coefficients are processed by soft thresholding 

method. Outliers detection and processing combines the quartile distance and local anomaly 

factor methods, and the thresholds are set to 1 1.5Q IQR   and 3 1.5Q IQR  , and detected 

outliers are corrected by local linear interpolation method. 

Original sensor 

data
Noise removal

Outlier detection 

and handling

Missing value 

filling

Data 

normalization
Time alignment

Feature 

extraction

Preprocessed 

data
 

Figure 1: Data Preprocessing flow 

The filling of missing values was handled by the multiple interpolation method, and the 

filling accuracy reached more than 95%. Data normalization was performed using the Z-score 

normalization method with the formula ( ) /x x     ,   is the mean and   is the 

standard deviation. Time alignment uses linear interpolation to align the data to a uniform time 

axis, and the sampling interval is 10 ms. feature extraction extracts time-domain features, 

frequency-domain features, and time-frequency features from the preprocessed data to form 

feature vectors for subsequent fusion algorithms. 

Based on the preprocessed data, the multi-sensor data fusion and optimization algorithm 

proposed in this paper is implemented, and the algorithm implementation framework is shown 

in Fig. 2, and the main algorithm implementation includes improved covariance cross-

fertilization algorithm, dynamic weight allocation and attention mechanism, neural network 

model, and two-stage fusion method. Improved covariance cross-fertilization algorithm is 

based on the traditional covariance cross-fertilization algorithm, and Drosophila optimization 

algorithm is introduced to optimize the fusion coefficients, with a population size of 50, and a 

maximum number of iterations of 100.Dynamic weight allocation and attention mechanism 

implements dynamic weight allocation method based on information entropy, and the 

dimensions of weight matrix of query, key value, and value in the attention mechanism is 64×64, 

and the number of attention heads is 8.Neural network model implementation Two neural 

network models RS-BPNN and PSO-RBFNN, rough set attribute approximation in RS-BPNN 

using heuristic algorithm based on positive domain, BP neural network structure is input layer-

hidden layer (20 nodes)-output layer, and the number of nodes of hidden layer of RBF neural 

network in PSO-RBFNN is 30.The two-stage fusion method in the first-stage fusion using 

Kalman filter and adaptive weighted averaging, and the ARO-ELM neural network structure in 

the second level fusion is input layer-hidden layer (50 nodes)-output layer (3 nodes). 
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Figure 2: Algorithm implementation framework 

The experiments use 5-fold cross-validation to evaluate the performance of the algorithms, 

and the performance metrics include root-mean-square error, fusion time, warning accuracy, 

false alarm rate, and response time, etc. Meanwhile, the algorithms are compared with the 

traditional covariance cross-fusion algorithms, the convex combinatorial fusion algorithms, and 

the static weighting method to validate the superiority of the algorithms proposed in this paper. 

Figure 3 demonstrates the percentage performance improvement of the three main algorithms 

proposed in this paper compared with the traditional methods, and the improved covariance 

cross-fertilization algorithm has the most significant improvement in fusion time and warning 

accuracy, reaching 43% and 52%, respectively. The dynamic weighting and attention 

mechanism excels in terms of false alarm reduction, reaching 43.8%. The two-level fusion 

method, on the other hand, shows a steady improvement in all indicators. 

 

Figure 3: Comparison of algorithm performance 
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4.2 Experimental results and analysis 

In this section, the effectiveness of the proposed multi-sensor data fusion and optimization 

algorithms is verified through a series of simulation experiments, focusing on the fusion 

accuracy and speed of each algorithm and comparing the performance of different algorithms. 

The comparison results of the root mean square error (m) of different fusion algorithms under 

different conditions are shown in Table 2, and the experimental data show that the improved 

covariance cross-fertilization algorithm exhibits the lowest root mean square error under 

various conditions, especially in the high-noise environment, and the advantage is more obvious, 

compared with the traditional covariance cross-fertilization algorithm, the improved algorithm 

reduces the RMSE by about 34.5% in the low noise environment, and reduces the RMSE by 

about 36.8% in the high-noise environment. Compared with the traditional covariance cross-

fusion algorithm, the improved algorithm reduces the RMSE by about 34.5% in low noise 

environment and about 36.8% in high noise environment. 

Table 2: Comparison of Root mean square Error (m) of Different Fusion Algorithms under 

different conditions 

Algorithm 
Three sensors Five sensors 

Low noise Low noise Low noise Low noise 

Traditional covariance cross-fusion 4.35 5.78 3.92 5.25 

Convex combination fusion 3.42 4.52 3.18 4.23 

Improve covariance cross-fusion 2.85 3.65 2.53 3.28 

 

The comparison results of the computation time (s) of different fusion algorithms are shown 

in Table 3, which show that the improved covariance cross-fertilization algorithm not only 

improves the fusion accuracy, but also significantly reduces the computation time, especially 

when the number of sensors is increased, and the growth of its computation time is significantly 

smaller than that of the traditional algorithm, which suggests that the algorithm has a better 

scalability when dealing with large-scale sensor networks. 

Table 3: Comparison of Computing Time (s) of Different Fusion Algorithms 

Algorithm 

Three sensors Five sensors 

100 

iterations 

200 

iterations 

100 

iterations 

200 

iterations 

Traditional covariance cross-fusion 0.76 1.45 1.24 2.36 

Convex combination fusion 0.58 1.12 0.85 1.68 

Improve covariance cross-fusion 0.41 0.82 0.47 0.95 

 

The results of the comparison of the relevance and weight factors of different sensor data 

in the grid flood warning system are shown in Figure 4. The analysis shows that the dynamic 

weight allocation method combined with the attention mechanism can better reflect the 

relevance of the sensor data, and the weight allocation is more reasonable, higher weight values 

are given to the sensors with higher relevance, while the weights are appropriately reduced for 

the sensors with lower relevance, and this allocation effectively improves the accuracy of the 

fusion results. 
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Figure 4: Comparison of data correlation and weight factors of different sensors 

5 Conclusion 

In this paper, an improved multi-sensor data fusion and optimization algorithm is proposed for 

the accuracy and speed of multi-sensor data fusion in the grid flooding intelligent warning 

system. By introducing the improved covariance cross-fertilization algorithm and combining 

with the fruit fly optimization algorithm to optimize the fusion coefficients, the fusion 

performance is effectively improved, and experiments show that the algorithm reduces the 

RMSE by about 36.8% and 34.5% and the computation time by 42.8% in high and low noise 

environments, respectively. Flooding intelligent warning system in the electric power, water 

industry already has practical application cases, the application of the State Grid provides a 

reference for the research and promotion of the field of power supply. At the same time, this 

early warning system is an effective solution for the development of regional power grid 

security, which has certain reference value. 
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