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Abstract: The existing collaborative channel perception suffered from unreasonable data fusion 

weight allocation, which mismatched the channel perception capability of node devices. This often 

led to significant deviations between the channel perception results and the actual channel state. To 

solve this issue, this paper integrated the data fusion algorithm from evidence fusion theory with 

data link channel state perception. It applied the data fusion advantages of evidence fusion theory 

to evaluate the traffic pulse statistical capability of network node devices. Specifically, the typical 

characteristic parameters describing the channel perception capability of node devices were 

regarded as evidence parameter sets under the recognition framework. By calculating the credibility 

and falsity of the characteristic parameters, the differences and conflicts between nodes were 

measured to achieve a comprehensive evaluation of the traffic pulse statistical capabilities of node 

devices. Based on this evaluation, the geometric mean method was adopted to calculate channel 

state perception weights for each node within a single-hop range, and a weight allocation strategy 

was formulated to improve the accuracy of channel state perception. 
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0. Introduction 

UAV(Unmanned Aerial Vehicle) data link is an information transmission network that 

integrates diverse battlefield elements, including perception systems, command systems, fire control 

systems, and information attack systems, into a cohesive whole. Communication networks serve as 

the nexus, with information processing as the core [1]. Combining time-division multiplexing with 

frequency-division multiplexing constitutes an effective approach for data link networks to achieve 

multi-network operation. Accessing channels based on message priority levels is a critical means of 

enhancing the real-time transmission of data link messages. Accurately perceiving channel state is 

pivotal to improving the reliability of data link message transmission decisions and reducing the 

probability of data link message conflicts. 

Data link channel state perception can be considered a research branch of radio spectrum 

perception. It involves detecting traffic pulses in various dimensions such as time, frequency, space, 

and polarization to determine the utilization rate of channel resources. This, in turn, provides a 

decision-making basis for data link messages to access channels and enhances the efficiency of 

message exchange between nodes within the data link network. 

From the perspective of nodes involved in channel state perception, channel state perception can 

be categorized into local channel perception and collaborative channel perception. 

Local channel perception relies solely on individual nodes within the data link network and 

typically employ methods such as energy detection and statistical signal feature analysis to perceive 

the channel state. Carrier sense multiple access (CSMA) protocol utilizes carrier sense technology, 

which is a typical energy detection method. This technology judges whether a node is currently 

transmitting data on the channel based on the signal energy detected on the channel, thus classifying 

the channel as either busy or idle[2–4]. However, it can only make qualitative analyses of channel 

states. 
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The local channel perception[5] quantitatively analyzes the channel state of data link networks 

by counting traffic pulses in the channel and indicates the congestion level of the current channel 

state using channel occupancy statistics. This method, coupled with priority thresholds of data link 

messages, enhances network throughput and overcomes the limitations of qualitative analysis in 

carrier sensing technology. 

However, the local channel perception heavily relies on the channel perception capability of 

local node devices and are unable to resolve the hidden terminal problem. This results in low 

reliability and significant application limitations. 

The collaborative channel perception involves transmitting perceiving data from multiple nodes 

to a data fusion center. At this center, channel occupancy statistics is calculated using either equal 

gain combining or weighted combining[6–14]. In comparison to local channel perception, this 

approach significantly improves the reliability of channel state perception and leads as the dominant 

method in the field of channel state perception. 

The collaborative channel perception[15] fuses the perceiving data from neighboring nodes 

within a single-hop range using a distance-weighted strategy to calculate channel occupancy 

statistics. This provides a decision-making basis for the transmission of data link messages. 

This method addresses the limitations of local channel perception by mitigating the dependence 

on the perception capability of individual node devices. How-ever, it only takes into account the 

influence of distance factors on channel state perception. In reality, the channel perception capability 

of node devices are closely related to their transmission and reception performance. Many factors 

significantly impact node device channel perception capability, such as receiving sensitivity, the 

antenna voltage standing wave ratio (VSWR), signal-to-noise ratio (SNR), component aging, and 

mean time between failures (MTBF). These factors can cause significant fluctuations in the channel 

perception capability of nodes, resulting in significant deviations from the actual channel state. 

Consequently, this can lead to erroneous decisions in data link message transmission, a substantial 

increase in message conflict probabilities, and a decrease in the success rate of data link message 

exchange. 

To enhance the accuracy and reliability of the collaborative channel perception, this paper 

integrates the data fusion algorithm from evidence fusion theory into channel state perception for 

data links. The advantages of data fusion are applied to assessing the traffic pulse statistical 

capabilities of network node devices. Typical characteristic parameters that describe the traffic pulse 

statistical capabilities of node devices are considered as sets of evidence parameters within the 

recognition framework. 

By calculating the credibility and falsity, and measuring the differences and conflicts of 

characteristic parameters among neighboring node devices within a single-hop range, a 

comprehensive evaluation of the traffic pulse statistical capabilities of node devices can be achieved. 

Based on this evaluation, the geometric mean method was used to calculate channel perception 

weights for each node within a single-hop range, in order to form a new and reasonable weight 

allocation strategy. This new strategy can accurately perceive the true state of the channel and 

provide a reliable basis for decision-making in data link message exchange, thereby reducing the 

probability of conflict and enhancing the throughput of data link networks. 

1. Collaborative Channel Perception Algorithm 

This section first briefly introduces the collaborative channel state perception model and the key 

issues that need to be solved, namely the reasonable allocation of node weights. Then, it analyzes the 

typical characteristic parameters of node devices that can be used to describe traffic pulse statistical 

capabilities. Finally, a new collaborative channel state perception algorithm is pro-posed. 
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1.1. Model Establishment 

Perceiving the channel state of the data link network is the key to improving the accuracy of 

message transmission decisions and reducing the probability of message exchange conflicts [16–19]. 

To enhance the accuracy and robustness of channel state perception, the data link network employs 

a distributed and decentralized net-work topology. Each node within the network counts the number 

of traffic pulses in the channel and shares this information with other nodes. The network architecture 

for perceiving the channel state of the data link is shown in Figure 1. 

 

Figure 1. Network architecture for channel state perception of data link. 

As shown in Figure 1, each node in the data link network can acquire the channel state 

perception data of other nodes by receiving the statistical traffic pulse numbers broadcasted by those 

nodes. By rationally allocating the weights of each node within the network, a weighted data fusion 

method is employed to calculate the channel state perception results. This allows quantification of 

the current channel state and makes decisions on whether to transmit data link messages with 

corresponding priorities [20–22]. 

1.2. Problem Description 

In a data link network, nodes employ a distributed and decentralized network topology to count 

the number of traffic pulses. The aim is to address the shortcomings of local channel perception, thus 

overcoming the dependence on the channel perception capability of single-node devices and 

enhancing the accuracy and robustness of channel state perception. In the collaborative channel 

perception, each node perceives the channel state independently to obtain perceiving data. This data 

is then fused and calculated into a quantitative value for the channel state, either through equal gain 

combining or weighted combining. This enhances the accuracy of channel state perception and 

provides a basis for decision-making when data link messages access the channel. However, the 

existing data fusion weight allocation in collaborative channel perception is unreasonable as it sets 

weight fac-tors solely based on distance factors. This mismatch between weight allocation and the 

actual channel perception capability of node devices can easily result in significant deviations 

between the channel perception results and the actual channel state. 

When perceiving channel state in a data link network, the channel occupancy statistics are 

typically calculated based on the number of traffic pulses in channel counted by node devices. The 

capability of a node device to count the number of these pulses is not only influenced by distance 

factors, but also closely related to other factors such as the device’s receiving and transmitting 

performance, component aging, and operational reliability. Any changes in these factors can 

significantly impact the node device’s capability to accurately count channel traffic pulses, thereby 

affecting the perception results of the channel state. 

Therefore, in the collaborative channel perception, it is essential to scientifically evaluate the 

perception capability of each node device and assign node weights based on these capabilities. By 
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doing this, the data fusion center can enhance the credibility of channel state perception when fusing 

and calculating channel perception results. The results can ensure more accurate reflection of the true 

channel state of the current data link net-work, providing a reliable basis for decision-making in data 

link message transmission. 

1.3. Analysis of Characteristic parameters of Node Devices 

The channel traffic pulse statistical capability of node devices is closely related to their 

transmission and reception performance. 

The counting capability of received and transmitted pulses, the degree of component aging, and 

operational reliability all have significant impacts on node device performance. Among these, the 

critical parameters affecting the counting performance of received pulses for node devices are the 

receiving sensitivity and the Signal-to-Noise Ratio (SNR). For the counting performance of 

transmitted pulses, the Voltage Standing Wave Ratio (VSWR) of antenna is an important parameter. 

The number of operating months reflects the extent of aging of node devices, while the Mean Time 

Between Failures (MTBF) is an essential indicator of operational reliability. This paper evaluates the 

trans-mission and reception performance of node devices by monitoring their characteristic 

parameters in real-time, including the receiving sensitivity, the VSWR of antenna, the SNR, the 

number of operating months, and the MTBF. 

Receiving sensitivity is a typical scalar parameter that indicates the lowest signal amplitude that 

a node device can normally receive and process a data link signal. This directly affects its capability 

to accurately count the number of received pulses. Antenna VSWR, serving as a negative indicator, 

reflects the extent of radio frequency (RF) energy reflection in a node de-vice. This directly impacts 

the radiation performance of the data link signal by causing a reduction in its transmission distance. 

When there is an impedance mismatch between the node transmitter and the antenna system, it can 

result in some RF energy of the data link signal being reflected, creating a reverse echo signal. This, 

in turn, leads to a reduction in the transmission distance of the data link signal. Additionally, SNR, 

another scalar parameter, indicates the quality of the electromagnetic environment and significantly 

impacts the capability of node devices to accurately count the number of received pulses. The number 

of operating months is a reflection of the aging degree of the components in node devices. With an 

increase in operating months, component aging intensifies, inevitably affecting both transmission 

and reception performance and diminishing their statistical capability to process traffic pulses. MTBF 

describes the ratio of failure time to operating time in the current environment, serving as a crucial 

metric for assessing operational reliability. This parameter significantly impacts the credibility of 

traffic pulse statistical results for node devices. 

Multiple factors influence the traffic pulse statistical capability of node devices, reflecting 

different aspects of their physical performance. However, the amplitude or dimension of these factors 

vary significantly. To evaluate the traffic pulse statistical capability of node devices reasonably, a 

normalized dimensionless method can be employed to process different types of influencing factors. 

The normalization formula for the receiving sensitivity ξi of node i is expressed as: 
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Where, σimax represents the maximum tolerance value of the receiving sensitivity of the node 

device, σit represents the detected value of the receiving sensitivity at time t, and σiu is the nominal 

value of the receiving sensitivity. 

The normalization formula for the antenna VSWR zi of node i is expressed as: 
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Where, ρit represents the detected value of the antenna VSWR zi at time t, n represents the 

antenna VSWR value corresponding to a reflection coefficient of 0, and m is the protection threshold 

value for the antenna VSWR. 

The normalization formula for the SNR of the node i is expressed as: 
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Where, SNRit represents the detected value of the SNR at time t, SNRimax corresponds the SNR 

value that ensures the minimum bit error rate, and nit is the received noise power at time t. 

Using the above method, the normalization of the number of operating months and the MTBF 

can be completed. It will not be elaborated here. 

1.4. Channel Perception algorithm 

To overcome the dependence of local channel perception on single-node devices, enhance the 

accuracy of collaborative channel perception, and reduce the collision probability in data link 

network message exchange, this paper proposes a channel state perception algorithm based on the 

Dempster-Shafer theory (DST). In this algorithm, each node in the network calculates the number of 

channel traffic pulses within a statistical time window and derives its normalized characteristic 

parameters, such as receiving sensitivity, antenna VSWR, SNR, the number of operating months, and 

MTBF. The count and the normalized characteristic parameters are periodically broadcast to other 

nodes in the network through broadcast messages. 

Within a one-hop range of the data link network, each node receives broadcast messages from 

other nodes. It obtains the number of channel traffic pulses and characteristic parameters of node 

devices. A comprehensive evaluation of the traffic pulse statistical capability of node devices is 

conducted by employing the Dempster-Shafer theory (DST). Additionally, by calculating the data 

credibility and falsity of the current node and its neighboring nodes, a weight allocation strategy is 

formulated to reflect the traffic pulse statistical capability of the node devices. Based on the weights 

assigned to each node device, the channel occupancy statistics (Cos) is calculated as follows: 

��� =
∑ �∑ (����
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Where M represents the number of frequency hopping points in the data link network. N 

represents the number of neighbor nodes within one-hop range of the current node. ����

�
 and ����

 

represent, respectively, the number of pulses on the frequency hopping point fi received by neighbor 

node j and the current node. ����

�
 and ����

 represent, respectively, the number of pulses on the 

frequency hopping point fi transmitted by neighbor node j and the current node. αj represents the 

weight of the neighbor node. β represents the weight of the current node. τ denotes the time period 

of the pulse and TS represents the time length of the statistical time window. 

The weights of node device αj and β satisfy the following relationship: 

∑ ��
�
��� + � = 1  (5)

Where N represents the number of nodes within one-hop range of the current node. 

2. Node Weight Allocation Strategy Based on Data Fusion 

This section begins with an introduction to the basic idea of the node weight allocation strategy. 

It then employs the data fusion theory to analyze the credibility and falsity of a node’s characteristic 

parameters. These parameters serve as a measure for detecting discrepancies and conflicts in node 

data. Subsequently, based on the corrected credibility and falsity of the node data, the geometric 
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mean method is applied to calculate the channel state perception weight of the node, leading to the 

formulation of a weight allocation strategy. 

2.1. Basic Idea 

In the collaborative channel perception, only when each node participating in data fusion has 

the same im-portance or contribution value, can non-differential data fusion be performed. However, 

non-differential data fusion may not be suitable for channel perception in data link networks with 

dynamically changing topologies and complex electromagnetic environments. Considering the 

influence of each node device’s actual transmission and reception performance on the statis-tical 

capability of the channel traffic pulse, it is necessary to accurately measure the extent of difference in 

the traffic pulse statistical capabilities of each node device within the data link network. Based on this 

difference in capabilities, different weights need to be assigned to each node in order to improve the 

accuracy of channel state perception. 

The difference in the traffic pulse statistical capability of node devices is closely related to 

characteristic parameters such as receiving sensitivity, antenna VSWR, SNR, the number of operating 

months, and MTBF. The problem of how to use multiple characteristic parameters with different 

dimensions to measure the traffic pulse statistical capability of node devices can be seen as a multi-

source data fusion problem. 

The Data fusion is an information fusion algorithm that can effectively handle uncertainty issues 

arising from multiple characteristic parameters. This paper integrates the data fusion algorithm in 

the Dempster-Shafer Theory (DST) with a data link cooperative channel state perception method. It 

applies the data fusion advantages of the evidence theory to evaluate the traffic pulse statistical 

capability of network node devices. The normalized characteristic parameters of node devices are 

considered as the evidence parameter set within the recognition framework. By calculating the 

credibility and falsity of the characteristic parameters, it measures the differences and conflicts 

between one-hop neighbor node devices to achieve a comprehensive evaluation of their traffic pulse 

statistical capability. Based on this, the geometric mean method is employed to calculate the channel 

state perception weights for each node within the one-hop range, and a rea-sonable weight allocation 

strategy is formulated. 

2.2. Credibility of Network Node Data 

Consider the normalized characteristic parameters of the node devices as the evidence 

parameter set under the recognition framework Θ, denoted as {m1, m2, … , mM}. Using an expert 

scoring method, the trend performance of each parameter in the evidence parameter set is 

comprehensively evaluated, and a set of score {mij(H1), mij(H2), mij(H3), mij(H4), mij(H5)} is provided, 

where i=1,2,...,n represents the i-th expert, j=1,2,...,M represents the j-th evidence parameter, and {H1, 

H2, H3, H4, H5} represents the recognition framework Θ. Each element in the score set corresponds 

one-to-one with each evaluation index level in the recognition framework Θ. By averaging the scores 

of the n experts, the basic probability assignment function for the j-th evidence parameter can be 

obtained, which is expressed as: 

mj={mj(H1), mj(H2), mj(H3), mj(H4), mj(H5)}  (6)

where ∑ ��(��)�
��� = 1, mj(Hk) represents the probability assignment corresponding to each 

index level in the recognition framework Θ. 

Due to factors like the electromagnetic environment, channel interference, and device aging, 

there are significant differences in the traffic pulse statistical capabilities of node devices within a 

data link network. These differences are evident in aspects such as the transmission and reception 

performance, as well as the operational reliability of the node devices. These aspects can be measured 

using characteristic parameters such as receiving sensitivity, antenna VSWR, SNR, the number of 

operating months, and MTBF. To more accurately measure this variability, we adopt the Euclidean 

distance [28,29] to represent the differences in characteristic parameters among the node devices, 

which is expressed as: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2024                   doi:10.20944/preprints202408.0657.v1

https://doi.org/10.20944/preprints202408.0657.v1


 7 

 

���� = 2��(�� −
�

�
)(�� −

�

�
)� (�� − ��)�  (7)

The smaller the Euclidean distance between the characteristic parameters of each node device is, 

the greater the similarity between the characteristic parameters is, and vice versa. Based on the 

Euclidean distance of characteristic parameters, a similarity matrix SM of characteristic parameters 

is established, expressed as: 
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Where, sij represents the similarity among the characteristic parameters of node devices, 

expressed as: 

��� = 1 − ����, i,j=1,2,…n  (9)

Based on the similarity matrix SM of characteristic parameters, the credibility of the i-th 

characteristic parameter can be calculated and is expressed as: 

���(��) =
�

���
∑ ���

�
���
���

  (10)

The credibility vector of the characteristic parameters of network nodes can be acquired, which 

is ex-pressed as: 

���(�) = [���(��), ���(��), ⋯ , ���(��)]  (11)

In this paper, n=5. Crd(mn) represents the credibility of the five characteristic parameters of the 

node device, namely receiving sensitivity, antenna VSWR, SNR, the number of operating months, 

and MTBF. 

2.3. Falsity of Network Node Data 

Falsity is a measure of evidence conflict, which is commonly used in evidence theory to assess 

the degree of unreliability of certain evidence within an evaluation system. In this paper, it is 

employed to measure the level of non-acceptance of the characteristic parameters of network node 

devices. Based on the theory of evidence, the global conflict [30] of characteristic parameters from 

node devices is expressed as: 

�� = ∑ �∏ ��(���)�
��� �∩���

� ����∅   (12)

Where Aij is the focal element of mi and mi(Aij) represents the basic probability assignment for 

the j-th focal element within the i-th source of characteristic parameters. Furthermore, ∩���
� ��� = ∅ 

represents a focal element with a non-empty intersection. 

After removing the j-th characteristic parameter from the node device, the local conflict among 

the remaining characteristic parameters is expressed as: 

�� = ∑ �∏ ��(���)�
���,��� �∩���,���

� ����∅   (13)

Taking into account both the global and local conflicts, the falsity of the j-th characteristic 

parameter of the node device can be expressed as: 

����� =
�����

����
  (14)

Thus, the falsity vector for characteristic parameters of network node devices can be expressed 

as: 
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F(m)[F(m1), F(m2),…, F(mn)]  (15)

2.4. Corrected Credibility and Falsity 

In data link networks, when counting the channel traffic pulse, the recorded counting values by 

node devices can be impacted by various factors such as channel fading, electromagnetic interference, 

and sensor instability. This can easily result in unreliability in the perception of the channel state. In 

information theory, entropy is frequently used to describe uncertainty. Consequently, in this paper, 

we can employ entropy to depict the uncertainty associated with the characteristic parameters of 

node devices. The information entropy is expressed as: 

�(m) = − ∑ �(�)�����(�)�∈�   (16)

The greater the information entropy value is, the higher the uncertainty of the characteristic 

parameters is. This indicates that the uncertainty of the counting values recorded by the node device 

is greater, and therefore, the credibility of the node device when used for channel state perception is 

lower. 

Based on the information entropy of characteristic parameters, a relative certainty index for the 

characteristic parameters of node devices is calculated to describe the relative degree of certainty. The 

relative certainty index for the i-th characteristic parameter is expressed as: 

�� = ��� �−
�(��)

∑ �(��)�
���

�  (17)

This expression indicates that a larger information entropy value for a characteristic parameter 

of a node device corresponds to a smaller relative certainty index, and a greater uncertainty in the 

counting values recorded by the node device. Conversely, a smaller in-formation entropy value 

corresponds to a lower un-certainty in the recorded counting values by the node device. 

By introducing the relative certainty index of the characteristic parameters of the node device 

into the credibility and falsity of the characteristic parameters, and modifying them accordingly, we 

can further enhance the objective description of credibility and falsity of the characteristic parameters, 

thereby accurately assessing the traffic pulse statistical capability of the node device. The corrected 

credibility of the modified i-th characteristic parameter is expressed as: 

����(��) =
��∙���(��)

∑ ��∙���(��)�
���

{∑ ���(��)�
��� }  (18)

Where Crd(mi) represents the credibility of the i-th characteristic parameter. n represents the 

number of characteristic parameters of the node device. In this paper, n=5, indicating five 

characteristic parameters, namely receiving sensitivity, antenna VSWR, SNR, the number of 

operating months, and MTBF. 

The corrected falsity of the i-th characteristic parameter is expressed as: 

��(��) =
��∙�(��)

∑ ��∙�(��)�
���

{∑ �(��)�
��� }  (19)

Where F(mi) represents the falsity of the i-th characteristic parameter and n represents the 

number of characteristic parameters. 

2.5. Node Weight Allocation Strategy 

Through the above analysis, it is evident that in the process of channel state perception within 

the data link network, acquiring the traffic pulse counting values recorded by each node is necessary 

to calculate current channel occupancy statistics. However, given the variations in the 

electromagnetic environment, transmission channels, and device reliability among different nodes, 

the credibility of the traffic pulse counting values recorded by each node varies obviously. This makes 

adopting an equal gain combining method for data fusion inappropriate. The statistical capability of 

the traffic pulse is closely related to its transmission and reception performance. Therefore, accurately 

measuring the transceiver capabilities of each node device is crucial for enhancing the reliability of 
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channel state perception. In this paper, five characteristic parameters for node devices are established, 

including receiving sensitivity, antenna VSWR, SNR, the number of operating months, and MTBF. 

An evidence fusion algorithm is employed to assess the differences in transmission and reception 

performance among node devices, serving as a foundation for scientifically evaluating the statistical 

capability of the traffic pulses. 

In this paper, based on the evidence fusion theory, the corrected credibility and falsity are used 

to measure the difference and conflict of characteristic parameters of node devices. The higher the 

credibility and the lower the falsity of a characteristic parameter is, the stronger the traffic pulse 

statistical capability of the node device will be. Therefore, when performing channel state perception, 

a higher weight should be as-signed to such node devices. Conversely, the lower the credibility and 

the higher the falsity of a characteristic parameter are, the weaker the traffic pulse statistical capability 

of the node device will be, and a lower weight should be assigned to it. Thus, the credibility and 

falsity of characteristic parameters can serve as a basis to assign channel state perception weights to 

each node within a one-hop range. Since both credibility and falsity of each node device share the 

same positive or negative attributes, the geometric mean method can be employed to calculate the 

channel state perception weight of each node device. The weight of the j-th node device is expressed 

as: 

�� = �∏ ����(��)�
���

� + �∏ [1 − ��(��)]�
���

�   (20)

Where n represents the number of characteristic parameters for the node device. In this paper, 

n=5. j represents the number of nodes within the one-hop range of the current node (including the 

current node itself), with j=1,2,…,N+1. Crd’(mi) represents the corrected credibility of the i-th 

characteristic parameter for the j-th node, while F’(mi) represents the corrected falsity. The normalized 

weight assigned to the node device is expressed as: 

�� =
��

∑ ��
���
���

  (21)

3. Simulation Results and Analysis 

To further analyze the performance of the proposed data link network collaborative channel 

perception in this paper, simulation verification is conducted on the above theoretical analysis. The 

simulation parameters are listed in Table 1. 

Table 1. Simulation parameters. 

parameters value parameters value 

network protocol SPMA  
Packet Inter-arrival Time Poisson 

distribution 

channel 

environment 
multipath fading channel 

statistical time widow size 100ms 

network scale 
number of nodes within 

one-hop：0~40 

Packet Size 50bit 

transmission rate 0.1Mbit/s Packet Priority 0～7 

The number of neighbor nodes within a one-hop range can serve as a representative for the 

current size of the data link network, as it is intimately connected to channel state perception. The 

five characteristic parameters of the node device, including normalized receiving sensitivity, antenna 

VSWR, SNR, the number of operating months, and MTBF, are randomly selected within the range of 

0.70 to 0.95. We simulate and analyze how the number of one-hop neighbor nodes affects the value 

of channel occupancy statistics. Additionally, we conduct a comparative analysis between the local 

channel perception [5] and the collaborative channel perception [15], as shown in Figure 2. 
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Figure 2. The impact of the number of one-hop neighbor nodes on channel occupancy statistics. 

Through analyzing the simulation results in Figure 2, we can observe that with the change in the 

number of neighbor nodes within the one-hop range, the channel occupancy statistics calculated by 

the local channel perception [5] exhibits the greatest fluctuation. The collaborative channel perception, 

on the other hand, shows moderate fluctuation. The method proposed in this paper, however, 

displays the smallest fluctuation and gradually stabilizes. This is mainly due to the fact that the local 

channel perception [5] calculates channel occupancy statistics by counting the number of traffic 

pulses in the channel based on the local node. This heavily relies on the channel perception capability 

of the local node device. When the characteristic parameters of the local node device are randomly 

selected within the normalized range of 0.70 to 0.95, they significantly affect the node’s traffic pulse 

statistical capabilities, leading to large fluctuations in the value of channel occupancy statistics. The 

collaborative channel perception [15] overcomes this issue by utilizing data from neighboring nodes 

for fusion to calculate channel occupancy statistics. However, during data fusion, the weight 

allocation does not match the channel perception capability of node devices, failing to eliminate the 

influence of fluctuations in characteristic parameters on the channel occupancy statistics. In contrast, 

the method proposed in this paper addresses this issue by allocating data fusion weights based on 

the channel perception capability of node devices. This approach can suppress the influence of 

fluctuations in characteristic parameters on the channel occupancy statistics, thereby improving the 

accuracy of channel state perception. 

The collaborative channel perception calculates the channel occupancy statistics through 

rational weight allocation and multi-node data fusion, which represents the congestion level of the 

current channel state. By combining the channel occupancy statistics with a data link message priority 

threshold, it performs data link message channel access control, thereby significantly impacting 

network throughput and transmission delay. Based on the simulation parameters shown in Table 1, 

this paper simulates and analyzes the impact of channel occupancy statistics on network throughput 

and transmission delay. The results are shown in Figures 3 and 4, respectively. 

 

Figure 3. The impact of channel occupancy statistics on network throughput. 
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Figure 4. The impact of channel occupancy statistics on transmission delay. 

Through analyzing simulation results in Figure 3, under identical channel occupancy statistics, 

the net-work throughput of the method proposed in this paper is the most optimal. In contrast, the 

local channel perception [5] performs the worst, while the collaborative channel perception [15] falls 

in between. This is primarily due to the fact that the local channel perception heavily relies on the 

traffic pulse statistical capability of the local node device to perceive the channel state, without 

considering neighboring nodes’ perception capability. Consequently, when the node device is 

impacted by factors like electromagnetic interference or sensor instability, the accuracy of traffic pulse 

statistics de-creases, leading to a significant deviation of the channel occupancy statistics from the 

actual channel state. This results in errors in decision-making for transmitting data link messages, 

reducing the success rate of data link message transmission and ultimately decreasing the network 

throughput. 

The collaborative channel perception [15] overcomes the dependency on the traffic pulse 

statistical capability of a single node device and employs distance-weighted fusion of multiple node 

statistics data. However, the distance-weighting factor does not accurately reflect the traffic pulse 

statistical capability of nodes. Factors that affect the statistical capability of node devices, such as 

antenna VSWR, SNR, and component aging, are not reflected in the node weight allocation strategy. 

This results in errors in the channel occupancy statistics. Nevertheless, the deviation of these errors 

is less significant than that of the local channel perception. 

In contrast, the method proposed in this paper scientifically evaluates the traffic pulse statistical 

capability through evidence fusion theory and assigns data fusion weights based on the credibility 

and falsity of characteristic parameters of node devices. This enables the calculated channel 

occupancy statistics to accurately reflect the actual state of the current data link network channel. 

This, in turn, improves the success rate of data link message transmission and subsequently enhances 

network throughput. 

Through analyzing the simulation results in Figure 4, it can be observed that, under the same 

channel occupancy statistics, the transmission delay of the method proposed in this paper is optimal. 

In contrast, the local channel perception [5] performs the worst, while the collaborative channel 

perception [15] falls in the middle. Specifically, when the value of channel occupancy statistics is at 

50%, the transmission delay of the method proposed in this paper is reduced by 21% compared to 

the local channel perception and by 19% compared to the collaborative channel perception [15]. This 

is primarily due to the fact that the proposed method can scientifically evaluate the traffic pulse 

statistical capability of nodes within a one-hop range and allocate data fusion weights based on the 

credibility and falsity of their characteristic parameters. The channel occupancy statistics can 

accurately reflect the actual state of the current channel, thereby improving the accuracy of data link 

message transmission decisions and reducing the probability of data link message exchange conflicts 

within the network. Consequently, this leads to a re-duction in the transmission delay of data link 

messages. 

In contrast, the collaborative channel perception [15] exhibits a certain deviation between the 

calculated channel occupancy statistics and the actual channel state due to unreasonable weight 
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allocation. The local channel perception [5], however, is highly dependent on the traffic pulse 

statistical capability of a single node device. This can result in large fluctuations in channel occupancy 

statistics and lead to inaccurate perception of channel states. Consequently, this causes errors in 

message transmission decisions, significantly increasing the message conflict probability and thereby 

in-creasing the message transmission delay. Therefore, it becomes difficult to meet the real-time 

requirements of data link message exchange. 

4. Conclusions 

In a data link network, nodes adopt a distributed and decentralized network topology structure. 

Accurate perceiving channel state is crucial for improving the ac-curacy of data link message 

transmission decisions and reducing conflict probabilities. In comparison to local channel perception, 

collaborative channel perception overcomes the dependence on the perception capability of a single 

node device by fusing perceiving data from multiple nodes within the network. The key to improving 

the accuracy of channel state perception lies in the scientific allocation of data fusion weights for each 

node. 

In this paper, we analyze the factors that affect the channel perception capability of node devices 

and set the characteristic parameters accordingly. We employ the Dempster-Shafer theory to calculate 

the credibility and falsity of these characteristic parameters, providing a scientific evaluation of the 

node devices’ channel perception capability. Based on this evaluation, we propose a data fusion 

weight allocation strategy to calculate channel occupancy statistics and accurately perceive the true 

state of the channel. Simulation results demonstrate that the proposed collaborative channel 

perception algorithm, based on evidence fusion, enhances the network throughput, decreases the 

transmission delay, and offers technical support for the real-time exchange of data link messages. 
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