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Abstract: In this paper, classical wireless sensor network self-localization algorithms (e.g., ranging
algorithms vs. non-ranging algorithms) and position computation are firstly described. For the
challenge of node localization in three-dimensional space, a model of RSSI ranging system in
three-dimensional space is constructed, and a position estimation model based on RSSI ranging by the
great likelihood method is established on this basis. In order to further improve the accuracy and
robustness of the model, a node localization algorithm based on convolutional neural network for
wireless sensor networks is innovatively proposed. The results show that: the algorithm in this paper
can maintain high localization accuracy under different numbers of working nodes, and the prediction
error of the nodes of the model is less than 13% under different heights from 20m to 200m, and the
model has a good high degree of adaptability; at the same time, the algorithm effectively reduces the
communication and computation overhead of the nodes, and significantly prolongs the survival time of
the wireless sensor network.

Keywords: wireless sensor; node localization; convolutional neural network; three-dimensional space

1. Introduction
A wireless sensor network (WSN) is a dynamic, self-organizing, low-power wireless network

composed of hundreds or even thousands of low-power sensor nodes with self-computing and
communication capabilities [1]. It is characterized by taking sensors as the core, using sensing devices
to sense multiple information carried by the external environment or targets, converting this
information into data, and realizing the transmission, processing, and storage of this information
through wireless communication technology, which has achieved application value in a variety of fields
such as military, industry, agriculture, smart home, healthcare, environmental science, biomonitoring,
target tracking, and intelligent transportation and security [2-6].

In many WSN applications, the localization of sensor nodes is an essential part. The acquisition of
node location information is a prerequisite to ensure that WSNs can work effectively in complex and
changing environments, and the lack of location information may directly or indirectly lead to the
decline or even disappearance of the value of the data information collected by the sensor nodes, and at
the same time, the location information also plays an important role in the process of construction,
management and maintenance of WSNs [7-10]. Global Positioning System (GPS) is an early satellite
positioning technology, GPS technology can obtain the location information of devices or events within
a certain accuracy range; however, in practical applications, the WSN sensor nodes are huge in size,
limited in computational capability, and the GPS module is expensive, unstable in positioning
performance, and susceptible to the influence of the surrounding environmental factors, and the effect
of the GPS technology application in WSN is not unsatisfactory [11-13]. Therefore, it has been in high
demand and research significance to develop WSN localization technology with high accuracy,
robustness, and low power consumption and cost.
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The goal of network node localization is to estimate the coordinates of that network node in a
coordinate system, and there are several types of information that can be used to estimate a node's
network location - Time Difference of Arrival (TDOA), Angle of Arrival (AOA), and Received Signal
Strength Indicator (RSSI), among others [14]. In addition to this, hybrid algorithms can also achieve
good localization results. However, in the actual WSN system utilization, the arrival signal strength has
a strong uncertainty due to many environmental factors such as physical occluders such as walls,
electromagnetic interference such as wireless devices, weather, and signal transceiver distance [15-17].
And artificial neural network (ANN) is a kind of algorithmic mathematical model that imitates the
behavioral characteristics of animal neural network and carries out distributed parallel information
processing [18]. By virtue of its excellent environmental adaptability and dynamic optimization ability,
ANN shows great superiority in the field of digital signal processing and automatic control, and it has
been successfully applied to adaptive control, system identification, signal detection, adaptive filtering
processing and parameter estimation, etc. These practical applications provide practical references for
WSN node position estimation [19-22].

In recent years, many WSN localization algorithms and corresponding improved algorithms have
been developed and put into practical applications, the classical WSN localization algorithms can be
divided into ranging-based WSN node localization algorithms and non-ranging-based WSN node
localization algorithms, while different localization algorithms are affected by different factors, thus
there are many differences in terms of performance, accuracy, and overhead, and therefore researchers
are are committed to develop more cost effective and high accuracy localization methods [23-26]. In
WSN node localization technique, sensor nodes interact with each other through information and
estimate the position information of unknown nodes by combining known information through
localization algorithms and environmental parameters [27].

Ranging-based node localization algorithms collect distance or angle metrics between sensor nodes,
and calculate and estimate the location of unknown nodes based on the collected information. Landolsi
et al [28] (2019) performed sensor localization under iterative maximum likelihood estimation (IMLE)
based on TDOA measurement measurements, and the localization performance of the method in the
presence of actual interference and timing estimation errors outperforms the traditional weighted least
squares (LS) approach. Zou and Liu [29] (2020) proposed a semidefinite programming-based
localization algorithm for joint source localization and propagation velocity MLE using TDOA
measurements in the presence of errors in sensor locations. Wang et al. [30] (2020) formulated a joint
synchronization and localization method for asynchronous WSNs in three steps that specifically
employs TDOAmeasurements for LS estimation of relative clock deviations, then MLE of nodes using
time-of-flight deviations, and then LS estimation of relative clock offsets to compensate for TDOA
deviations caused by heterogeneous time differences. Adeyelu et al [31] (2020) shared an enhanced
TDOA technique for estimating the location of mobile stations in WSNs that solves on TDOA
hyperbolic and linear LS with the signal reception time difference between the mobile station and the
neighboring base stations to achieve the position estimation with the lowest localization error up to 189
m. Zheng et al [32] (2018) for AOA-based localization methods, the measurement accuracy of AOA
significantly affects the final localization performance, evaluates the estimation accuracy of different
AOA algorithms in the environments with different multipath interferences Meanwhile, a weighted
AOA-based localization method was proposed to quantify the AOA estimation accuracy by deriving a
closed expression for the asymptotic variance of the AOA estimation error. Arbula and Ljubic [33]
(2020) designed a new infrared angular sensor for improving the AOA estimation accuracy, which
connects to the application through a server-side application programming interface for indoor
localization. Monfared et al [34] (2020) established a non-data-assisted iterative algorithm based on
AOA measurements, which is able to utilize more non-data samples, thus improving the location
estimation accuracy of low-energy IoT sensor networks. Bianchi [35] (2018) proposed an RSSI-based
indoor localization algorithm, which can be used in the field of smart home to achieve room-level
localization with user's location estimation. However, Dolha et al [36] (2019) pointed out that
variations in distance, geometric orientation of sensors, and environmental features affect the
estimation of RSSI values and thus the positioning accuracy. While Gautam et al [37] (2023) set an
isosceles layout based on Jaya's algorithm, which fixes the localization target in the transmission range
of nodes, which can reduce the interference problem of RSSI values and improve the localization
accuracy.

In addition, scientists have developed many algorithms with better performance on the traditional
methods, which is more representative of the fusion of multiple techniques to design a hybrid
technology-based localization algorithm with excellent performance. Zhang et al [38] (2019) used
Gauss-Markov three-dimensional mobility model for single mobile anchor node mobile operation, and
the joint ranging MLE of TOA and RSS respectively re proximal and distal ranging to determine the
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exact distance between the anchor node and the location node for WSN node localization. Chen et al
[39] (2020) proposed a node localization algorithm implemented by combining three techniques of
TDOA, Phase Difference of Arrivals (PDOA), and Particle Swarm Optimization algorithm, which
firstly obtains the initial position estimation by optimizing the TDOA cost function, and then PDOA or
hybrid TDOA-PDOA cost function is optimized using Particle Swarm Optimizer and finally the final
target position estimate is obtained. Several studies on ranging-based node localization algorithms have
shown that the advantages of this type of localization method are high accuracy, low cost, and a broader
scope of application, but it still has some shortcomings, such as the sensing equipment is susceptible to
the influence of ambient noise, and there is a delay in localization, which needs to be further optimized
by the researchers.

In contrast to ranging-based node localization techniques, non-ranging-based node localization
algorithms utilize connectivity information between nodes for position estimation of unknown nodes,
e.g., the count of inter-node hops can indicate the tight connectivity between two sensors, and the
number of neighboring nodes of a node indicates the importance of a single node in the whole WSN.
The common non-ranging based localization algorithms are center of mass position localization
algorithm, convex position estimation algorithm (CPE), approximate point triangulation (APIT), and
distance vector hopping algorithm (DV-Hop), etc. Jiang et al [40] (2018) proposed an improved center
of mass localization algorithm assisted with RSSI based technique, in the proposed algorithm, the
beacon nodes that are connected into a closed graph of the center of mass is considered as a virtual
beacon node, and the virtual beacon node can be used to replace the beacon with the weakest RSSI
value among all the beacon nodes connected to the target node to be localized, which narrows the
possible location area of the target node and improves the localization accuracy. Fan et al [41] (2017)
utilized the irregular topology in 3D WSNs to perform an approximate convex segmentation, which
splits the network into multiple sub-networks and utilized a multi-dimensional scaling based algorithm
to locate each sub-network, thus realizing joint WSN localization and improving the localization
accuracy. And Jain et al [42] (2017) proposed a fusion localization algorithm combining APIT
algorithm with RSSI and particle swarm optimization algorithm, using APIT algorithm combined with
the information of RSSI value between beacon node and target node, with the help of particle swarm
optimization algorithm, to obtain the coordinates of the unknown node or the desired node. Liu et al
[43] (2019) proposed an improved DV-Hop localization algorithm based on correcting the average hop
size, which corrects the estimated distance between the unknown node and different anchor nodes
based on the hop information and the relatively accurate anchor node coordinate information, and uses
an improved differential evolutionary algorithm to obtain the estimated position of the unknown node,
which effectively reduces the node localization error. At present, the research focus of non-ranging
based positioning algorithms is to reduce the computational complexity and computational cost while
improving the positioning accuracy of the algorithm and the convergence speed, the development and
optimization of more non-ranging node positioning algorithms with excellent performance is also a key
research and development direction of the WSN technology in the future.

With the continuous development and popularization of machine learning technology, the
application of ANN in WSN node localization is promising. On the one hand, ANN can optimize the
relevant localization data; on the other hand, ANN can facilitate the construction of accurate
localization models. Sun et al [44] (2018) designed an ANN-based WSN device-less wireless
localization system, which inputs RSS matrix difference into the ANN, determines the known location
information, and obtains the localization estimation results directly in the online phase, while in the
offline phase formulates the nonlinear function of RSS matrix difference and location information to
obtain the localization results. Rama and Murugan [45] (2020) utilized RSSI data of mobile nodes
processed by principal component analysis to input into ANN model based on firefly algorithm and
combined with affine propagation clustering technique to reduce the positional error to determine the
accurate localization of mobile nodes, which has 95% of the localization accuracy. Madagouda and
Sumathi [46] (2019) applied RSSI to obtain static sensor node localization estimation results from three
fixed anchor nodes under Multilayer Perceptron (MLP) and Radial Basis Function (RBF) in the ANN
model, and MLP outperforms RBF. Annepu et al [47] (2021) stated that Compared to the WSN
localization model based on the MLP method with Sigmoid activation function, the effectiveness of the
RBF method based on the RBF method with Gaussian activation function can be improved by up to
70%. While Madagouda and Sumathi [48] (2021) proposed an indoor localization method for WSN
nodes based on ANN-based neural feedback network, which uses only one mobile anchor node and
achieves the dual benefits of low energy consumption and low cost. Esheh and Affes [49] (2024) used
an unknown node location estimated by the DV-Hop algorithm and modified this position result with
Gaussian noise based to form a new dataset to enhance the effect of the original data, and input the
original data with the new dataset into a deep neural network to realize a WSN localization method
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with reduced computational cost.
In this paper, we integrate the ranging and non-ranging self-localization algorithms to construct a

three-dimensional ranging system model with RSSI, and use the great likelihood method to estimate
the initial position of wireless sensor network nodes. In order to solve the difficult problem that sensor
nodes cannot communicate and obtain ranging information directly when the linear distance between
nodes exceeds a certain threshold, a three-dimensional spatial node localization method based on
convolutional neural network is proposed. The method uses the UAV as the data collector and
processor of the wireless sensor network, assists in realizing the ranging between the farther nodes in
the sensor monitoring area, takes the ranging information between the anchor node and the node to be
localized as the input data, and uses it for neural network modeling, and finally realizes the node
localization through the neural network model. Finally, the application effect of the localization method
of this paper in three-dimensional space node localization is verified through experiments.

2. Convolutional neural network based node localization algorithm for wireless
sensor networks

2.1. Self-localization algorithms for wireless sensor network nodes

2.1.1. Ranging based localization algorithm
The distance information between nodes can be obtained by both direct and indirect means, and the

typical methods are as follows:
(1) RSSI Ranging Technique
The principle of RSSI ranging technique [50] is as follows: a node sends an RF signal with a known

transmit signal power to the nodes within its communication range, and the receiving node measures
the RF signal power after receiving the RF signal and determines the distance between it and the
sending node according to the relationship between signal energy loss and propagation distance in the
signal propagation model. loss and propagation distance in the signal propagation model to determine
the distance between the node and the sending node. This technique is a cheap and low-cost distance
measurement method, but its distance measurement results will produce a large error.

(2) TOARanging Technique
TOA ranging technique usually uses acoustic signals, the transmitting node records the time when it

transmits the signal, and the receiving node also records the time corresponding to the received signal,
and the distance between the nodes is obtained by multiplying the propagation time with the speed of
the acoustic signal. The principle of the TOA ranging technique is shown in Fig. 1. Where 0T is the
time when the transmitting node transmits the signal, 1T is the time when the signal reaches the
receiving node, 2T is the time when the receiving node sends back the signal to the transmitting node
and 3T is the time when the signal is returned to the transmitting node. The formulas for calculating
the distance by TOA and RTOF are as follows respectively:

 1 0TOAd T T V   (1)

   3 0 2 1

2RTOF
T T T T V

d
     (2)

where V is the signal propagation velocity.
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Figure 1. Schematic diagram of transmission time ranging

(3) TDOA Ranging Technique
In TDOA ranging technique, the transmitting node needs to transmit two signals with large

differences in speeds, which are generally RF signals and ultrasonic signals, and the ranging schematic
of TDOA ranging technique is shown in Fig. 2.

Figure 2. Time difference distance measurement diagram

Immediately after transmitting the RF signal at 0T an ultrasonic signal is transmitted at 2T . When
the signal is received at the receiving node, the reception time of the RF signal 1T and the reception
time of the ultrasonic signal 3T are recorded. The propagation speeds of both the RF signal and the
ultrasonic signal are known as RFV and USV , respectively, and hence the distance d from the
transmitting node to the receiving node can be obtained by the following equation:

   3 1 2 0
RF US

RF US

V V
d T T T T

V V
       

(3)

When there is no obstacle between the transmitting node and the receiving node, the transmission of
the signal is line-of-sight transmission, at this time the TDOA technology can achieve a more ideal
positioning effect, but the TDOA ranging technology itself has some defects.

(4) AOA ranging algorithm
The principle of the AOA ranging algorithm is that the unknown node measures the angle of the

reached signal relative to the axis through the antenna array, and then estimates the node coordinates
through triangulation. The AOA ranging schematic diagram is shown in Fig. 3. The coordinates of the
unknown node B are assumed to be ( , )x y , and the coordinates of 1 2,A A and 3A are the anchor
nodes with known coordinates, whose coordinates are    1 1 2 2, , ,x y x y and  3 3,x y , respectively.
The relative angle of the received signals measured through the antenna is respectively are 1 2,  and
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3 . The system of equations can be obtained from the angle relationship:

3 1 3 2

1 2 2 1

3 2 3 2

2A BA
A BA
A BA

  
 
 

   
  
  

(4)

Combining the system of equations (4) and the coordinates of the anchor node, and then according
to the triangulation method, the coordinates of the node can be calculated. The AOA ranging algorithm
has a high localization accuracy, but it needs to install expensive antenna equipment on the node, which
increases the cost, and is suitable for some special scenarios, and is not suitable for large-scale WSNs.

Figure 3.AOA distance measurement schematic

(5) Indirect Ranging Methods Based on Network Connectivity
Since the direct ranging technique is sensitive to environmental factors, it is difficult to achieve

better localization results in some poor environmental conditions, and at this time, indirect ranging
methods play its role. For example, the distance calculation method in the DV-Hop algorithm, the
DV-Hop distance estimation schematic is shown in Figure 4.

Figure 4. DV-Hop distance estimation diagram

Assume that node A and node C are anchor nodes and the distance between them is ACd and
the hop count is ACh . node B is an unknown node, A is its nearest anchor node, and the hop count
between node C and node B is BCh . The distance BCd is computed as follows:

AC
BC BC

AC

d
d h

h
  (5)

2.1.2. Non-ranging based localization algorithms
(1) DV-Hop Localization Algorithm
DV-Hop algorithm is one of the localization methods with wider range of applications at present.
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The advantages of DV-Hop algorithm are its simplicity, feasibility, low cost and large localization
coverage and the main disadvantage is its poor localization accuracy. In DV-Hop algorithm, the
unknown node obtains its minimum hop count from the anchor node and then calculates the distance to
the anchor node by multiplying the minimum hop count with the average hop distance. Finally, the
node estimates its location using an algorithm such as maximum likelihood estimation.

(2) MDS-MAP algorithm
The MDS-MAP algorithm is a distributed sensor localization method based on multidimensional

scales. The algorithm calculates the relative coordinates of the unknown through the information such
as connectivity between nodes, and then converts the relative coordinates of the unknown nodes to
absolute coordinates through reference nodes. However, the complexity of this algorithm is high, and in
large-scale practical application scenarios, the high complexity will lead to an increase in localization
time and node energy consumption. This will not only bring the result of reduced localization
efficiency but also have adverse effects such as shortening the life cycle of the sensor network.

(3) Center of Mass Localization Algorithm
The center of mass localization algorithm is an algorithm for node localization without ranging

based on network connectivity. The position of the node to be localized in this algorithm is calculated
from the positions of several reference nodes. First, the node to be localized determines its own anchor
nodes that it can communicate with directly, and then forms a polygon with these anchor nodes as
vertices. Finally, the position of the center of mass of this polygon is used as the estimated position of
the node to be localized, thus completing the process of localizing the current node. The center of mass
algorithm is directly related to the density of anchor nodes in the sensor network. When the density of
anchor nodes is low, the accuracy of the unknown node position obtained by the center of mass
localization algorithm is also reduced.

(4) Approximate Triangle Interior Point Test Algorithm
The Approximate Triangle Interior Point Test (APIT) localization algorithm utilizes the idea of

solving for the set of triangles composed of different reference nodes to locate the target node. Using
whether the unknown node is within each triangle composed of reference nodes as a solution condition,
in order to calculate the polygon that satisfies the condition, and then calculate the center of mass of the
polygon, that is, the location coordinates of the unknown node. Because of the overlap of multiple
triangles as the constraints of the polygon, the geometric center of mass calculated by this method is
closer to the real position than the polygon center of mass position solved directly by the traditional
center of mass algorithm. However, the APIT localization algorithm is more dependent on node density,
and the algorithm has lower localization accuracy in sensor networks with sparse node distribution.

In summary, the accuracy of the ranging-based localization algorithm is directly related to the
accuracy of ranging, which is easily affected by multipath effect, sound speed variability and other
factors resulting in localization errors; while the accuracy of the node localization algorithm without
ranging depends on the conditions of node communication range, network connectivity and other
conditions, and is also affected by the impact of the complex environmental factors.

2.1.3. Position calculation
The trilateral measurement localization method, triangulation localization method, great likelihood

estimation method [51], and Min-max localization method are the most commonly used ways to
calculate the coordinates of an unknown node after obtaining the distance to each known node. The
main ideas are as follows:

(1) Trilateral measurement localization method
For an unknown node to calculate its position using the trilateral measurement localization method,

it needs to obtain the position information and distance information of three or more anchor nodes. The
principle of trilateral measurement localization method is shown in Fig. 5, 1 2,L L and 3L are three
anchor nodes within the communication range of unknown node i . Their position information and
distance information are obtained through information exchange. Assuming that their coordinates are
   1 1 2 2, , ,x y x y and  3 3,x y , and the distances between unknown node i and them are 1 2,d d and

3d , respectively. taking 1 2,L L and 3L as the center of the circle, and 1 2,d d and 3d as the radius
to make a circle, the position of unknown node i is at the intersection of the three circles.
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Figure 5. Schematic diagram of trilatcration

The following equation can be obtained from the distance relationship:

   

   

   

2 2
1 1 1

2 2
2 2 2

2 2
3 3 3

x x y y d

x x y y d

x x y y d

    
    

    


(6)

Unknown coordinates of node i :

   
   

1 2 2 2 2 2 2
1 3 1 3 1 31 3 1 3
2 2 2 2 2 2

2 3 2 3 2 3 2 3 2 3

2 2
2 2

x x y y d dx x y yx
x x y yy x x y y d d

          
                 

(7)

(2) Triangulation localization method
Triangulation localization method is a method to complete the position estimation based on the

geometric relationship between the unknown node and the anchor node position, mainly suitable for the
unknown node to obtain to the known node's angular information in the case of the triangulation
localization method, the principle of the triangulation localization method is shown in Fig. 6.

Figure 6. Schematic diagram of triangulation

Assume that the coordinates of the unknown node D are ( , )x y , and the coordinates of the three
anchor nodes ,A B and C are known to be  1 1,x y ,    2 2 3 3, , ,x y x y . The angles from the
unknown node to each of the anchor nodes are ,ADB ADC  and BDC . For the nodes ,A C
and ADC a circle can be determined with center  1 1 1,o oO x y and radius 1d . Let

1 2a AO C ADC    , which can be obtained by the relationship of angles and distances between
the nodes:
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   

   

   

2 2
1 1 1 1 1

2 2
1 3 1 3 1

2 2 2 2
1 3 1 3 1 12 2 cos

O O

O O

x x y y d

x x y y d

x x y y d d a

    
    


    


(8)

The unique circle with radius 1d and center 1O coordinates  1 1,O Ox y can be obtained from
the above equation. Similarly, for nodes ,A B and ADB , nodes ,B C and BDC the
corresponding circle center  2 2 2,O OO x y and radius 2d , and circle center  3 3 3,O OO x y and
radius 3d can be obtained, respectively. Finally, the three circle centers are treated as three anchor
nodes in the trilateration measurement method, and the position of the unknown node D is
calculated.

(3) Great Likelihood Estimation Method
In practical applications, the nodes in the wireless sensor network can estimate the unknown node

position by the great likelihood estimation method after obtaining the information of more than three
anchor nodes, the great likelihood estimation method is schematically shown in Fig. 7.

Figure 7.Maximum likelihood estimation diagram

Assuming that the coordinates of the anchor node 1 2 3, , , , nL L L L are

       1 1 2 2 3 3, , , , , , , ,n nx y x y x y x y , the coordinates of the unknown node i are ( , )x y , and the
distance from each anchor node to the unknown node is 1 2 3, ,, , nd d d d , the following equation
exists:

   

   

2 2 2
1 1 1

2 2 2
n n n

x x y y d

x x y y d

    



   

 (9)

The above equation can be expanded as:

   

   

2 2 2 2 2 2
1 1 1 1 1

2 2 2 2 2 2
1 1 1 1 1

2 2

2 2

n n n n n

n n n n n n n n n n

x x x x x y y y y y d d

x x x x x y y y y y d d    

         


         

 (10)

The conversion to matrix form is as follows:
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AX b (11)

Where,
   

   

2 2 2 2 2 2
1 1 1 1 1

2 2 2 2 2 2
1 1 1 1

2 2
, ,

2 2

n n n n n

n n n n n n n n n n

x x y y x x y y d d
A b

x x y y x x y y d d   

        
      
           

  
x

X
y
 

  
 

.

Thus the coordinates of the unknown node i can be derived:

  1T TX A A A b


 (12)

(4) Min-max localization method
The principle of Min-max localization method is shown in Fig. 8:

Figure 8.Min-max positioning principle diagram

The coordinates of the anchor nodes 1 2,L L and 3L are    1 1 2 2, , ,x y x y and  3 3,x y , and
their distances to the unknown node i are 1 2,d d and 3d . Taking the horizontal and vertical
coordinates of the anchor nodes as the reference values, the unknown node is within the bounding box
of the coordinate values with the added or subtracted distance values, and the bounding box is
calculated by the formula:    , ,i i i i i i i ix d y d x d y d     .

Taking the minimum of  ,i i i ix d y d  and the maximum of  ,i i i ix d y d  on all the
bounding lines, the bounding intersecting rectangle box is:

       max ,max min ,mini i i i i i i ix d y d x d y d           . Calculate the center of mass i of this
rectangle, which is the estimated location of the unknown node i . The formula is as follows.

   

   

max min
2

max min
2

i i i i

i i i i

x d x d
x

y d y d
y

   



   

(13)

2.2. 3D Localization Algorithms for Wireless Sensor Networks
Since most of the application areas of wireless sensor networks are concentrated in

three-dimensional space, such as forests, mountains, air, underwater, etc., the study of
three-dimensional spatial localization is more in line with the application of actual nodes. Therefore,
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this paper takes three-dimensional space as an example, and combines ranging and non-ranging
algorithms to construct a three-dimensional space node localization model to estimate the initial
position of wireless sensor network nodes.

2.2.1. Modeling of RSSI Ranging System
In this paper, the RSSI ranging model is established through the mutual communication between the

UAV and the unknown sensor node, with the UAV as the transmitter of the signal and the unknown
sensor node as the receiver of the signal. Assuming that the maximum communication range of the
UAV is R and the relative distance between the UAV and the unknown sensor ranging is l . If the UAV
wants to realize the information interaction between the UAV and the unknown node, it should satisfy
the l R . By means of the propagation loss model, the establishment of the ranging model can be
expressed as follows:

 ( ) 10 lgr i i
i

dP d P d W
d 

 
   

 
(14)

Where d denotes the relative measured distance between the transmitter and receiver, ( )rP d is
the actual signal strength received by the receiver, and id is the reference distance near the ground.

 i iP d is the signal strength received at id ,  is the attenuation factor of the signal in the path,
whose magnitude depends on the specific environment in which the signal is propagated, and W is a
normally distributed Gaussian random variable. This model is used to calculate the relative distance
between the UAV and the unknown sensor node.

2.2.2. Great Likelihood Approach Position Estimation Model Based on RSSI Ranging
When the UAV flies to the area of the unknown sensor node, the UAV moves vertically above the

unknown sensor with a set altitude z and speed v . The vertical plan view of the UAV and the
unknown sensor node is shown in Fig. 9.

Figure 9. Vertical plan view of drones and unknown sensor nodes

Where R is the communication radius of the drone, the size of its communication radius depends
on the size of the signal transmitter power and the specific environment, now make the drone broadcast
its own position information every fixed period T, i.e., every after period T the drone produces a virtual
beacon, S is the distance flown in the process of the drone broadcasting the virtual beacons, the
virtual beacons contain the drone's actual position at that moment, from the figure It can be seen that
the communication range of all virtual beacons satisfies that its communication radius is greater than or
equal to the relative distance between the virtual beacon and the unknown sensor, i.e., l R , assuming
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that the UAV passes through n virtual beacons, i.e., set to { 1, 2, }M M Mn , the UAV's
coordinates in the perpendicular of the node of each virtual beacon corresponding to the unknown
sensor node are        1 1 1 2 2 2 3 3 3, , , , , , , ,, , ,n n nx y z x y z x y z x y z ; From the figure, it can be seen that

1 2 3 4, , , nl l l l l is the relative distance between the virtual beacon to the unknown sensor, and their
relative distances can be measured by the RSSI ranging model. Since the UAV on-board GPS module
flies on a fixed trajectory over the unknown node, the vertical coordinates of the UAV over the
unknown node,        1 1 1 2 2 2 3 3 3, , , , , , , , , , ,n n nx y z x y z x y z x y z , can be measured by RSSI, and it
can be known additionally that when the UAV is directly vertically above the unknown sensor node, the
distance 3l between the virtual beacon generated by the UAV and the unknown sensor node is known.
In addition, it can be known that when the UAV is directly above the unknown sensor node, the
distance l3 between the virtual beacon and the unknown sensor node is known. Assuming that the
coordinates of the unknown sensor node are  0, ,x y z , and since the vertical elevation 1z of the
UAV is known, then the height 0z of the unknown sensor node is known, i.e. 0 1 3z z l  , and the
heights of the other unknown sensor nodes can be introduced in accordance with this. Then only the
( , )x y coordinates of the unknown sensor node need to be obtained to determine the initial position of
the unknown sensor node, then after RSSI ranging, so that the distance between the UAV and the
unknown sensor node D is 1 2 3, , , . nd d d d , respectively, and according to the Euclidean distance
formula there is the following relational equation:

   

   

2 2 2
1 1 1

2 2 2
n n n

x x y y d

x x y y d

    



   

 (15)

The above equation can be expressed as a linear equation; AX b , where:

   

   

2 2 2 2 2 2
1 1 1 1 1

2 2 2 2 2 2
1 1 1 1 1
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n n n n n

n n n n n n n n n n

x x y y x x y y d d
x

A b X
y

x x y y x x y y d d    

        
                       

   (16)

Using the minimum mean square error estimation method for the above formulas, the
two-dimensional coordinates of the position of the unknown sensor node D can be expressed as:

  1ˆ T TX A A A b


 , and the coordinates of the three-dimensional preliminary localization can be

expressed as  0ˆ ,X z .

2.3. Convolutional neural network based node localization algorithm for wireless
sensor networks

2.3.1. Fundamentals of Convolutional Neural Network Architecture
Convolutional neural network [52] is a special neural network structure for processing data with a

grid structure. The basic structure of convolutional neural network consists of several layers, including
convolutional layer, pooling layer and fully connected layer.

(1) Convolutional Layer: The convolutional layer is the most important layer in a convolutional
neural network, which extracts features by applying a series of convolutional kernels to the input data.
Convolutional kernels are usually a set of small matrices that perform element-by-element
multiplication and summation operations on localized regions of the input data to generate an output
feature map. By varying the number and size of convolution kernels, different types of features can be
extracted, and the convolution kernels are the trainable weight parameters in the convolutional neural
network.

(2) Pooling layer: The pooling layer is used to reduce the size of the feature map and reduce the
amount of computation in the output of the convolutional layer. Common pooling operations include
maximum pooling and average pooling, which can take the maximum and average values of the local
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regions in the input data, and use them as output features; because pooling operations can lead to the
loss of some of the network feature data, the pooling operation is not used in the convolutional neural
network structure involved in this paper.

(3) Fully connected layer: the fully connected layer connects all the feature maps and inputs them
into a standard feed-forward neural network. This network usually consists of one or more fully
connected layers, which output the computed results in the form of one-dimensional vectors.

2.3.2. Principles of node localization algorithm based on convolutional neural network
In the proposed convolutional neural network-based node localization model approach in this

section, the node localization network model needs to collect the results of multiple ranging
measurements among the ground sensor nodes as inputs to the network. The UAV is set to fly over the
wireless sensor network monitoring area for M cycles, and during the m -th cycle, the set of RSSI
vectors corresponding to all nodes on the ground, denoted as mR , is collected, and the RSSI similarity

   , 1, , 1,m
ij a a bSim i N j N N   between all anchor nodes and unknown nodes is calculated based on

the collected information, and the estimated distance ˆm
ijd between the corresponding nodes is

calculated for the corresponding nodes in that flight cycle, and the node jN is to be localized to the

node, and the UAV flight cycle with all the complex nodes to form a distance estimation vector ˆm
jd ,

rearrange the obtained distance estimation vectors to form a gridded distance estimation matrix, and
then form a feature map m

jf , and the feature maps collected in all the flight cycles of the UAV

collectively form the input layer jinput of the convolutional neural network. in the above process, in
order to ensure that the collected distance estimation vectors are easy to be meshing, the number of
anchor nodes aN is usually set as a perfect square number, and the above process is expressed as:

 
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jinput in the above expression is a three-dimensional data, in the convolutional neural network
structure, the input layer is often a three-dimensional tensor, and the three dimensions are
length*width*number of channels, in the input layer structure of the proposed network, the number of
UAV flight cycles M corresponds to the number of channels of the input layer of the network, and
the length and width are the square root of the number of anchor nodes aN , using jinput as the
input to the convolutional neural network. A convolutional neural network node localization model is
constructed, which contains one input layer jinput , three hidden layers (1) (2) (3), ,z z z , and one output

layer ˆ
jN . The number of neurons, the type of network layer, the size of convolutional kernel, and the

corresponding activation function are the parameters of each layer inside the neural network. The
internal structure of the convolutional neural network node localization model is shown in Table 1.

Table 1. Internal structure of the convolutional neural network node positioning model
Network layer

name
Network layer

type
Network layer

size Convolution kernel size Activation
function

Input layer Convolution Layer * *a aM N N    * 1 * 1a aM N N  ReLU
Hidden Layer 1 Convolution Layer 18*2*2 18*2*2 ReLU
Hidden Layer 2 Fully connected 30 - Sigmoid
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layer

Hidden Layer 3 Fully connected
layer 18 - Sigmoid

Output layer Fully connected
layer 2 - -

In the node localization method based on convolutional neural network proposed in this section, the
computer randomly generates a large number of node coordinates in the sensor monitoring area as
training data, and in the actual experimental process, the distance measurement data obtained from
simulated drone-assisted ranging algorithms are used, and the simulated ranging results are rearranged
to form the form of a three-dimensional tensor as the input to the network, and the actual coordinates of
the nodes are used as the training labels of the network, and the appropriate The actual coordinates of
the nodes are used as the training labels of the network, and appropriate network training parameters
are selected to train and optimize the network. Once the network is trained, it can predict the position of
nodes in different environments, with high robustness and overcoming the influence of error, at the
same time, the neural network model improves the positioning accuracy of nodes, and can adjust the
number of ranging times assisted by UAVs according to the actual needs and thus adjust the structure of
the network, so that the algorithm has a higher degree of flexibility.

3. Performance analysis of wireless sensor node localization algorithm

3.1. Performance analysis of the number of working nodes of the algorithm

3.1.1. Effect of different anchor node ratios on node localization
In fact, wireless sensors (WSNs) are generally deployed in large areas, so there are more sensor

nodes in the monitoring area, and considering the cost of manually deploying the nodes, it is common
to randomly scatter the sensor nodes in a certain area by using airplanes and so on. In order to avoid the
phenomenon of regularity in the node arrangement, a random function is used in the simulation process.
Figure 10 shows the random distribution of nodes. The distribution of each node is given in the figure
and the distribution is randomized. The horizontal and vertical distance of this experimental site is 1000
meters, and there are 200 nodes in this experimental site, and each node is randomly distributed, and
among these nodes there are beacon nodes and unknown nodes, which are indicated by the black and
red signs, respectively. From the practical cost point of view, due to the high cost of beacon nodes, not
too many of these nodes will be selected, so the total ratio is relatively low, and the location of these
nodes is known, in the whole experimental process, they act as the main task is the role of reference.

Figure 10. Node random distribution diagram

When the beacon nodes account for 25% of the total node proportion and the size of the parameter
R is 200m, the three-dimensional spatial node localization results of the convolutional neural network
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are shown in Fig. 11, where (a) represents the network connectivity graph of the nodes in the
localization area of 1000m*1000m, (b) is the localization error graph of the unknown nodes, and (c) is
the localization error of each node. The relationship between the proportion of beacon nodes with a
communication radius of 200m and the positioning accuracy is shown in Table 2.

It can be found through simulation that when the communication radius R maintains a fixed value,
the localization results will change with the change of the ratio of beacon nodes, and the size of the
ratio increases from 5% to 35% (each time increasing by 5%), the corresponding localization
accuracies are, in order: 37.0856, 35.7758, 34.055, 32.1797, 34.7395, 34.7919 and 34.8121.When the
proportion of beacon nodes is less than 25%, the localization accuracy improves proportionally more as
the proportion of beacon nodes decreases. When the proportion of beacon nodes is small, the unknown
node can only refer to fewer nodes in the localization process, and conversely, it can refer to more
nodes for localization and the accuracy is improved. When the proportion of beacon nodes in the
network is increased to more than 25%, the localization accuracy of this paper's algorithm basically
reaches saturation. Therefore, the number of beacon nodes should be limited in practical applications,
which can ensure the cost optimization and also make the localization accuracy larger.

(a)Network connectivity map of the location (b)Unknown node positioning error map

(c)Positioning error of each node
Figure 11. 3D spatial node localization results of convolutional neural networks

Table 2. Relationship between beacon node ratio and positioning accuracy
Beacon node ratio (%) 5 10 15 20 25 30 35

Positioning accuracy (%) 37.0856 35.7758 34.055 32.1797 34.7395 34.7919 34.8121

3.1.2. Effect of different shape sensing regions on node localization
In order to explore the differences of the wireless sensor network node localization algorithm

introducing convolutional neural network for different sizes and shapes of the sensing area, this paper
uses the wireless sensor network node localization algorithm before adding convolutional neural
network optimization (Optimize) and after optimization (Postoptimality) to carry out experimental
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analysis.
The simulation experimental environment is: the proportion of anchor nodes is 10%, the node

communication radius is 200m, the node sensing area side length is changed from 200m to 1000m
respectively. Figure 12 shows the effect of the sensing area size on the average localization error. It can
be seen that the localization error of the algorithm in this paper is lower than that of the comparison
algorithm, but the localization error will be bigger with the increase of the size of the sensing area. The
reason is the effect of the node communication radius, if the communication radius is too small, most of
the unknown nodes and their anchor nodes used to localize the number of jump segments between the
relatively large, due to the increase in the number of jump segments and thus lead to the accumulation
of error, thus affecting the localization accuracy.

Figure 12. Effect of perceptual area size on average positioning error

3.2. Effect of different UAV altitudes on node localization
The optimized values for the number of nodes at different heights are shown in Fig. 13. Overall, the

curve is in the shape of an upper open parabola, the RMSE value monotonically decreases at the
beginning and then monotonically increases, the optimal heights correspond to 112m, 148m, 187m,
225m, and 266m when setting the heights to 20m, 50m, 100m, 150m, and 200m, respectively. From the
lateral view, the RMSE value decreases due to the increase in height, however, with the increase in the
distance making the ranging error to increase. Vertically, as the height increases, the optimal height that
maximizes the accuracy can be located due to a certain height difference. The optimal height increases
as the set height increases.
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Figure 13. Optimized node count at different heights

The results of the localization rate of the nodes at different heights are shown in Fig. 14. The results
show that the localization rate of the model to the nodes decreases gradually with the increase of the
setting height. At a height of 20m, the model's localization rate reaches 100%, while when the height is
increased to 200m, the localization rate decreases to 84.1%, but its localization rate is much higher than
that of the 3D spatial node algorithm without the addition of convolutional neural network. Especially
when the height is set to 200m, the localization rate of the 3D spatial node algorithm with
convolutional neural network is 17.8% higher than that without convolutional neural network, and the
localization rate of the node by the optimized algorithm in this paper under this condition is still above
80%, which shows that the introduction of the convolutional neural network algorithm is more effective
in the estimation of the position of the nodes of the wireless sensor network.

Figure 14. Node positioning rate results at different heights

3.3. Survival Time Performance of Wireless Sensor Networks
In wireless sensor networks, due to the different frequency of each sensor node to send and receive

data, when the network works for a period of time the energy difference between the nodes is large, if
the residual energy of the nodes is not considered to select the set of working nodes, it will result in
some nodes continue to work, resulting in unbalanced energy consumption of nodes, which affects the
survival time of the network, and then increase the difficulty and energy consumption of node location
estimation of the wireless sensor network. Therefore, it is of great importance to consider the residual
energy of nodes for node localization estimation in 3D space for wireless sensor networks.

In this subsection, in addition to the above node localization algorithm for wireless sensor networks
with the addition of Convolutional Divine Networks before optimization (Optimize) and after
optimization (Postoptimality), the existing Genetic Algorithm (GA) is also added for the comparative
analysis of the survival time performance of the wireless sensor networks.

3.3.1. Failure time of the first node in the network
The results of the time comparison of the first node failure of the network under the three

algorithms are shown in Fig. 15. It can be seen that the first node death appears in 47 rounds under this
paper's algorithm, 27 rounds under the pre-optimization node set work, and 22 rounds under the GA
algorithm; when the number of deployed nodes is increased to 100 points, the three algorithms' first
node death rounds are increased in order to 96 rounds, 65 rounds, and 29 rounds; and when the number
of nodes is increased to 200 points, it becomes 129 rounds, 84 rounds, and 30 rounds. Obviously as the
number of deployed nodes increases, the first node death time increases for all of them, but the effect of
the increase is quite different. This is due to the fact that the GA algorithm caused some nodes to work
continuously and die quickly. The wireless sensor network node localization algorithm switches the
work in the set of disjoint working nodes to equalize the node energy consumption and avoids the
premature death of certain nodes due to continuous work. The wireless sensor network node
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localization algorithm based on convolutional neural network optimization has the strongest global
optimization seeking ability, obtains the lowest number of nodes in the set of working nodes, and can
rotate more node sets than the GA algorithm, effectively suppresses node death, and obtains the
maximum survival time under the network survival time expressed by the first node death time.

Figure 15. The time when the first network node fails

3.3.2. Coverage versus network survival time
The relationship between coverage and network survival time under the three algorithms is shown

in Fig. 16. It can be seen that under the optimized 3D spatial localization algorithm based on the
convolutional neural network algorithm, the coverage rate has been maintained above 98.09% when the
network runs up to 174 rounds. When the network runs up to 174 rounds, the network coverage has
been lower than 22.54% under the GA algorithm, and has been lower than 18.62% under the 3D spatial
localization algorithm before optimization. Based on the convolutional neural network optimization of
wireless sensor network node localization algorithm coverage curve decline gently, the network
survival time is the longest, and this paper's algorithm than the GA algorithm and convolutional neural
network optimization of the algorithm before the scheduling extension of about 60 rounds or more. It
can be seen that the algorithm in this paper effectively extends the network survival time while better
ensuring the coverage quality of the network. This is mainly due to the fact that, the convolutional
neural network optimization based node localization algorithm for wireless sensor networks has the
least number of nodes in the working node set, which can dormant a large number of nodes. In addition,
its disjoint working node set scheduling effectively inhibits node death, equalizes network energy
consumption, and reduces the node death rate, thus obtaining the maximum network survival time.
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Figure 16. Dynamic coverage and network survival time relationship

3.3.3. Proportion of surviving nodes versus network survival time
The relationship between surviving nodes in the network and network survival time under the three

algorithms is shown in Fig. 17. It can be seen that the node failure of the pre-optimization algorithm
starts at the beginning of the network work. 86 rounds of surviving nodes are rapidly reduced, resulting
in a sharp decrease in coverage. 134 rounds of surviving nodes are rapidly reduced under the GA
algorithm, which is delayed by 48 rounds compared to the pre-optimization algorithm cycle scheduling.
The trend of reduction of surviving nodes under the algorithm based on convolutional neural network
optimization is smoother, node death is the slowest, and the obtained network survival time is
prolonged by 68 and 97 rounds respectively compared to other methods, which fully reflects the
superiority and effectiveness of the node localization algorithm based on the optimization of
convolutional neural network for wireless sensor networks.

Figure 17. Relationship between active nodes and network survival time

4. Conclusions and outlook

4.1. Conclusion
In order to improve the localization performance of wireless sensor networks in complex
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environments, this paper proposes a node localization algorithm for wireless sensor networks based on
convolutional neural networks, and explores the performance of the algorithm. The results show that:

When the proportion of beacon nodes in the network is increased to more than 25%, the localization
accuracy of this paper's algorithm will remain basically stable, but its localization error will become
larger and larger as the area of the sensing area increases, so it is necessary to control the number of
hop segments between the unknown node and the localization anchor node when it is practically
applied.

When the positioning height is increased from 20m to 200m, the positioning error of the model is
still low, and its positioning accuracy remains above 80%, which shows that the model has good
adaptability to different heights.

The model in this paper optimizes the selection and rotation of the working node set, and the
working node set obtained has the advantages of small number of nodes, high coverage, and balanced
energy consumption, which reduces the energy consumption and balances the energy consumption of
the network, and effectively prolongs the survival time of the network.

4.2. Outlook
(1) In the node localization algorithm based on convolutional neural network modeling used in this

paper, the neural network models are modeled using fully supervised training, the generation of the
network's training dataset as well as the network's offline training phase will consume a certain amount
of time and computational cost, and the future work can focus on the development of a semi-supervised
learning neural network node localization model, in order to achieve excellent node localization
performance.

(2) In the node localization algorithm based on deep learning neural network modeling studied in
this paper, fixed anchor nodes are used, and the position of anchor nodes in the actual localization
process must be strictly consistent with the network training process, and the anchor nodes are
deployed in a certain regular distribution in the node monitoring area of the wireless sensor network,
and in the future research work, it can be considered whether it is possible to realize the node
localization algorithm by random anchor node design. node localization algorithm.
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