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Abstract. Long distance wireless hybrid transmission data is vulnerable to noise,
resulting in low data mining accuracy, large mining error and poor mining effect.
Therefore, a weak association mining algorithm for remote wireless hybrid trans-
mission data under cloud computing is proposed. The moving average method is
used to eliminate noise data, and the attribute values of continuous data are divided
into discrete regions, make it form a unified conversion code for data conversion.
The Bayesian estimationmethod is used for static fusion to eliminate the uncertain
data with noise. The rough membership function is constructed to distinguish the
truth value, complete data preprocessing.According to the principle of relationship
matching between data, data feature decomposition is realized. The non sequential
Monte Carlo simulation sampling method is adopted to build the data loss proba-
bility evaluation model and integrate the data association rules. In the background
of cloud computing, permission item sets are generated, and the rationality of
association rules is judged by the minimum support. The dynamic programming
principle is used to build the mining model, and the improved DTW algorithm
is used to read out and analyze the structured, semi-structured and unstructured
data to obtain the weak association mining results of mixed data transmission. The
experimental results show that the algorithm can completely mine data sets, and
the mining error is less than 0.10, with good mining results.

Keywords: Cloud Computing · Long Distance Wireless · Mixed Transmission ·
Weak Association Mining

1 Introduction

The continuous progress of information technology and science and technology has pro-
moted the development of new information technologies in different fields. Data mining
technology is a new technology in the information age. In the Internet, data mining
refers to collecting high-value models and rules, using data analysis tools to analyze
the collected data models and data information, obtaining the differences and similar-
ities between the data models and data information according to the analysis results,
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and using the above results to make predictions on the Internet. With the development
of communication network and information age, great changes have taken place in the
network mode and the application field of communication network. Mining the valuable
content and data in communication network can improve the utilization value of com-
munication network. According to the analysis results, the data rules and data system
of the communication network are optimized to establish a safe and stable communi-
cation environment and provide people with high-quality and efficient communication
services. Therefore, it is of great significance to mine the weak association of mixed
data in communication networks. Long distance wireless hybrid transmission under
cloud computing brings a new development direction to the network industry, and also
brings unprecedented challenges. With the rapid development of information technol-
ogy, a large number of information is generated under the complex requirements of
resource management. Promote information integration and safe operation through the
use of advanced information and communication technologies [1]. However, due to the
requirements of various types of network services, different functions are used in differ-
ent periods, which makes the data model and information inconsistent. Massive wireless
mixed transmission data is difficult to flexibly realize information sharing and provide
data needed for the development of intelligent Internet, which has become a bottleneck
restricting the rapid improvement of Internet automation.

At present, there are two main data association mining methods. Reference [2] pro-
posed a fuzzy association rule mining method based on GSO optimizedMF in determin-
istic data. Firstly, the uncertain data is represented by the ternary language representation
model. Then, given an initial MF, and taking maximizing the support of fuzzy itemsets
and semantic interpretability as the fitness function, the optimal MF is obtained through
the optimization learning of GSO algorithm. Finally, according to the best MF obtained,
an improved FFPgrowth algorithm is used tomine fuzzy association rules fromuncertain
data. This method can adaptively optimizeMF according to data sets, so as to effectively
mine association rules from uncertain data. However, the efficiency and operation speed
of this method are slowwhen dealingwith large amounts of data. Reference [3] proposed
an algorithm based on Apriori association rules. The specific method is to analyze each
band first, and then use these bands to generate stronger correlation. To apply the Apri-
ori association rule algorithm, first scan multiple databases, and then generate a large
amount of commonly used candidate objects, which makes the Apriori algorithm time
and space complexity. When mining large amounts of data, the performance of Apriori
algorithm is poor. Therefore, a weak association mining algorithm for long-distance
wireless hybrid transmission data under cloud computing is proposed.

2 Data Preprocessing of Long-Distance Wireless Hybrid
Transmission Under Cloud Computing

The remote wireless hybrid transmission data under the original cloud computing has
serious quality problems, such as data loss, data redundancy, noise data, etc., which will
reduce the data mining efficiency of remote wireless hybrid transmission. Under the
condition of ensuring data integrity, reasonable and effective data preprocessing is the
basis of improving data mining efficiency.
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2.1 Noise Data Elimination

Mixed transmission data cleaning is to remove and repair the incomplete and noisy
data in the data. In the original database, the average value is usually used to fill in
the incomplete data. This process needs to be implemented using the moving average
method. Moving average method is a key method to take the average value of data at a
certain stage as the prediction value of a certain period in the future, and use this data
as the later mining data. The formula for calculating the moving average is as follows:

a=
∑ l

n
(1)

In formula (1): l represents the moving length; n is the total number used by the
moving average. In order to facilitate that all data in the database have the same attributes,
its transformation rules need to be defined and unified before mining. Because noise
data is illogical deviation data, which often affects the accuracy of data mining, data
smoothing technology is used to eliminate noise data.

2.2 Data Conversion

The data conversion mainly includes data normalization and continuous data discretiza-
tion. The continuous data is discretized by compressing the original data to reduce data
input and output. The attribute values of continuous data are divided into several discrete
regions, and values are taken from them in order to reduce the number of attribute values
and facilitate data mining. The data conversion process is to unify different data formats
to form a unified conversion code [4]. There is usually detailed data in massive data, and
the data in the data warehouse is used for analysis. The data can be aggregated accord-
ing to the database granularity without detailed data. Different data stores have different
storage rules. These rules can not be implemented simply by adding, subtracting, or
subtracting. These data need to be calculated and stored in the database for subsequent
mining analysis and use.

2.3 Data Truth Screening

Mixed transmission data is composed of network data from different periods, systems
or departments, including structured data (such as department data, XML, JSON, etc.),
unstructured data (such as remote sensing images, research plans, drawings, etc.), and
semi-structured data (such as policies and regulations listed on this page). In order to
facilitate data analysis and integration, data attributes, storagemethods, read/write meth-
ods, etc. need to be preprocessed [5]. The data integration mode of mixed transmission
needs to be further studied to realize deeper recognition of truth value. Data conflict
refers to the problem of large margin provided by multiple sensors at the same time and
differences in redundant data of the same attribute. The usual way to solve the conflict
is to minimize the redundancy of data and find the true value from multiple conflict-
ing data. The true value includes the unity of attributes. Because there are replication,
dependency and digital similarity between data, Bayesian estimation is used for static
fusion, The information of the algorithm conforms to the probability distribution, and
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can well handle uncertain data with noise [6]. Bayesian estimation method optimizes
the data by setting conditions in advance, integrates the information of each sensor with
probability principle, and expresses it with probability density function. The basic pro-
cess is to assume that there is a non empty object set, a non empty condition attribute set
and a non empty decision attribute set in a decision system. Construct an approximation
of existing knowledge and indiscernibility relation x, which can be expressed as:

xS = (S|[S]x ∩ S �= ∅) (2)

In formula (2), [S]x is the equivalent of x. In the rough set theory, according to the
knowledge and the calculation results of indiscernibility relations, the x attribute of the
decision set is analyzed and expressed by the rough membership function:

γ x
S (S) =

∣∣[S]x∩S
∣∣

|[S]x| (3)

The true value is discriminated according to the rough membership function deter-
mined above. Assume that the decision set is S1, S2, · · · Sm, and the observation result
obtained through the sensor observation data is G, and then calculate the posterior
probability. The formula is:

P(Sm|G ) = P(SmG)

P(G)
= P(G|Sm )P(Sm)

i∑
m=1

P(G|Sm )P(Sm)

(4)

In formula (4), P(Sm) represents a prior probability; P(G|Sm ) stands for conditional
probability; i represents the number of sensors, and the true value is identified according
to the decision posterior probability.

3 Weak Association Mining of Mixed Transmission Data in Cloud
Computing

In the process of mining massive data in the cloud computing environment, it is easy
to have a large number of redundant data, which reduces the correlation between data
and can not effectively complete the mining of weak associations [7]. Therefore, a
weak association mining method based on weak clustering algorithm for massive data
in cloud computing environment is proposed, which decomposes data features through
data description features, and fuses all data according to data features. Based on the
association decision probability, the massive data in the cloud computing environment
is effectively divided, and the calculation of the association probability of all data fea-
tures is completed. Attribute elements are classified by the weak clustering method,
and quantitative elements are converted into category types. The data after clustering is
mined by weakening the association rule method [8].
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3.1 Principle of Relationship Matching Between Data

Massive data in the cloud computing environment have a certain relationship with each
other. It is the focus of research to mine the parts associated with other data by describing
the information expressed by the data. The whole principle is as follows: First, get the
description characteristics of the data, complete the data feature decomposition, and then
obtain the following feature matrix:

R=

⎡

⎢⎢⎣

R11 R12 · · · R1j

R21 R22 · · · R2j

· · · · · · · · · · · ·
Rl1 Rl2 · · · Rlj

⎤

⎥⎥⎦ (5)

In Formula (5), l represents the amount of data, and j represents the number of
data types. Transform the data characteristic matrix, and the average value of the
characteristics obtained is:

A = l2 ·
j∑

j=2

Rlj (6)

All data are fused according to data characteristics [9]. The massive data in the cloud
computing environment is effectively divided based on the association decision proba-
bility, and the association probability of all data features is calculated by the following
formula:

f
(
gl · dj

) = (
f (gl) + f

(
gl · δj

))
/f

(
dj

)
(7)

In Formula (7), f
(
dj

)
represents the prior probability of data; f

(
gl · δj

)
represents

the corresponding conditional probability.
Because the information objects in the remote wireless hybrid transmission database

under cloud computing are described by the same remote wireless hybrid transmission
data specification, in different cases, the internal nodes of the remote wireless hybrid
transmission data standard tree are part of the data specification. The difference is that
the element value at the node [10]. The approximate matching process of long-distance
wireless mixed transmission data is shown in Fig. 1.

As shown in Fig. 1, comparing the query tree with the standard tree, it is found that
the nodes corresponding to node b in the multimodal data standard tree are b1, b2 and
b3, and the nodes corresponding to node b′ in the query tree are b′1 and b′2. According
to these, it is unnecessary to match the metadata of object U2 with the query tree data
when matching the query tree data with the standard tree data. When the query tree
matches the metadata tree of U3, since no node on the subtree can match the node
in the query tree, it is unnecessary to consider the matching of the subtree with node
b3 as the root node. Before querying, first match the query tree with the multimodal
data standard scheme tree of the resource target database, and then record the matching
information (i.e. preprocessing information) of the associated nodes. By analyzing the
obtained information, we can avoid a large number of non associated nodes matching in
the future matching between the query tree and the multimodal data standard tree, and
avoid unnecessary duplication.
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Fig. 1. Approximate matching process of long distance wireless hybrid transmission data

3.2 Mining Model Construction

Before data mining, it is necessary to evaluate the remote wireless hybrid transmission
under cloud computing. However, the actual remote wireless hybrid transmission has
randomness and dynamic volatility. Therefore, a probability evaluation model for trans-
mission data loss under mixed fluctuation conditions is designed to achieve data loss
analysis under combined factor interference.

Data integration is required before analysis. According to the results of data prepro-
cessing and truth screening, the overall plan of data integration based on decision rough
set model is designed, as shown in Fig. 2.
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Fig. 2. Data integration scheme
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It can be seen from Fig. 2 that the scheme is composed of data layer, exchange layer,
integration layer and user layer, and the data layer contains different data types; Themain
function of the exchange layer is to realize two-way data transmission; The integration
layer is the core of thewhole system. Itsmain functions include data conversion, data call,
process control and data routing; The user layer is responsible for user login, authority
management and maintenance.

On this basis, the non sequential Monte Carlo simulation sampling method is used
to build the data loss probability evaluation model. The specific process is as follows:

First, the probability space of wireless network data is simulated by non sequential
Monte Carlo, where the statistical value is calculated as follows:

x′
i = 1

g

n∑

i=1

zi (8)

In formula (8), g represents a restricted constraint function, and z represents a series
of random data. After the data loss of wireless network is constrained, the fluctuation
probability of each time point is taken as. According to the daily transmission data
volume, loss data volume and loss rate of wireless network statistics, when the loss data
fluctuates, the loss data is calculated using power flow calculation coefficient, wireless
network loss data, transmission data and loss rate. After evaluating the degree of wireless
network data loss, define big data association rules, integrate data association rules, and
build a mining model based on big data analysis. The detailed implementation process
is as follows:

In the background of cloud computing, permission item sets are generated, associ-
ation rules are generated according to the minimum support and minimum confidence,
and the rationality of association rules is judged by the minimum support. In the context
of cloud computing, the association rules are as follows:

D ⇒ sup(x)

sup(x ⇒ y)

sup tmin

p
(9)

In Formula (9): sup tmin represents the minimum support threshold; p indicates
association rule item; sup(x) stands for support; sup(x ⇒ y) stands for confidence.

According to the above formula, the mining model needs to be built using the
principle of dynamic programming, as shown below:

Mxy = maxD

⎧
⎪⎨

⎪⎩

Ex−1,y−1 − Jxy
Ex,y−1 + p

Ex−1,y−1 + p

(10)

In Formula (10): Eab is the missing parameter of wireless network association rules;
Jab indicates uselessweak association rules. According to the abovemodel, multiple data
sources are integrated to extract data related to mining. Through data transformation, it
is unified into a form suitable for mining, and visualization technology is used to provide
users with mining data.
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3.3 Mining Process of Transmission Data Weak Association

In the process of weak association mining of transmitted data, frequent itemsets can be
generated through the relationship between time and space, and frequent itemsets can
be generated through the minimum collection cycle. On this basis, improve the DTW
algorithm to improve the accuracy of data mining.

Combinedwith the improvedDTWalgorithm, the speed ofminingweak associations
of transmitted data is greatly improved. The detailed steps are as follows:

Step 1: Because the improved DTW algorithm needs a lot of calculation steps in the
process of association mining, it takes up a lot of storage space. Therefore, in order to
solve this problem, a path of data weak association mining is designed. Set the number
of sampling points as y1, y2, y3, and divide the data into three dimensions, namely, one-
dimensional

[
1, y1

]
, two-dimensional

[
y1 + 1, y2

]
, and three-dimensional

[
y2 + 1, y3

]
.

For the calculation of y1 and y3 values, it can be expressed as:
{
y1 = εc+γ−1

γ−ε

y3 = γ c−ε+1
γ−ε

(11)

In formula (11), c represents the number of sampling points; ε, γ indicates the slope
of two adjacent sides of the parallelogram. When the mining data is not inside the
parallelogram, it indicates that these data do not have relevance and need not be mined;
On the contrary, it is associated and can be mined. According to the mining results, data
sets are collected.

Step 2: Scan all data sets and record the number of data occurrences each time.
Determine whether the time and spatial data are in the same dimension according to the
requirement definition, and record them in the header table if they exist;

Step 3: Recycle the dataset, delete the data not in the item header table, and arrange
the data in the order of increasing the item header table. Loop the data set again to
generate a frequent pattern tree. In the frequent pattern tree, all nodes represent spatial
and temporal data, while the tree branches represent the number of data occurrences;

Step 4: In the circular header table, search the entries in the regular pattern tree and
the leaf nodes of the entries in descending order, and remove the duplicate node data to
obtain a separate tree structure dataset. At this time, the dataset is an associated set.

Step 5: Output the tree data set of all single paths to form the final result set.
Step 6: First, read and analyze the filtered structured, semi-structured and unstruc-

tured data from the hybrid transmission database through the abovemodel. For structured
data, establish a database according to the data type and directly select it into the database;
Semi structured data can be divided into two categories according to data types: struc-
tured data and unstructured data. In Category 1, create an associated class library and
connect it directly to the class library. For the unstructured data in category 2, using
the mapping relationship between different data, the corresponding data is embedded
into these data as additional parameters to achieve a one to many direct mapping; In
Category 2, coordinate transformation is carried out for various types of data, and then
the single level segmentation algorithm of artificial neural network is used to partition.
On this basis, structured data and unstructured data are combined into multiple single
level fusion parameters, which are overlapped with quasi space to obtain the integration
results.
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Step 7:Regard the integration result as a fuzzy attribute set, and build a fuzzy database
through the original database. Let spatial data T

(
yx1

)
and temporal data T

(
yx2

)
be the

support degree of spatial data x1 and temporal data x2 respectively. The support degree
of rule x1 ⇒ x2 in database H can be expressed as:

T (x1 ⇒ x2) =

m∑
i=1

Ti(x1∪x
2)

|H | (12)

It can be seen from Formula (6) that in the fuzzy association relationship, it is
necessary to calculate the fuzzy support degree, that is, the implication degree, which
can effectively reduce the mining steps and shorten the mining time. The k-th data
implication can be expressed as:

ν(x1 ⇒ x2) = I [T (x1),T (x2)] (13)

In formula (13), I represents the implication degree operator. By calculating support,
frequent itemsets can be determined, and the result is the weak association mining result
of mixed data transmission.

4 Experimental Analysis

In order to verify the effectiveness of the weak association mining algorithm for long-
distance wireless mixed transmission data under cloud computing, the GSO-based opti-
mization MF method (the method of reference [2]) and Apriori-based association rule
algorithm (the algorithm of reference [3]) are used as comparison methods, experiments
are conducted on the Matlab platform through Unix operating system.

4.1 Experimental Platform

As this experiment is based on the laboratory environment, the cloud platform is designed
as a private cloud platform for LAN testing in the design, but the core modules can still
be used under the public cloud platform. A standard private cloud platform should
include at least four platforms: the underlying virtualization platform, virtual machine
management platform, distributed storage platform and distributed computing service
platform. Therefore, the designed architecture diagram of the test private cloud platform
is shown in Fig. 3.

It can be seen from Fig. 3 that the experimental platform provides a place for data
integration, throughwhich data can be found in time and uploaded to the response system
to generate feedback information.
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4.2 Experimental Data Set

The experiment used a set of public data sets, with a total of 2500 documents, each
of which contains a picture with corresponding instructions. Each picture and a group
of files correspond to a specific category directory, and all information in the category
directory can be divided into 15 categories. The SIFT feature description method is used
to describe the image as a 128 bit feature vector. Text of the dataset is presented in the
form of 10 topics. During the experimental test, 2/3 of the data are used as training data
and 1/3 of the data are used as test data.

According to the difficulty of field data acquisition, a data acquisition and analysis
system is used, which mainly includes two parts: the field end and the communication
end. The field terminal is used to collect and transmit field data. The communication
terminal is responsible for field data processing and background data interaction. Its
architecture is shown in Fig. 4.
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On the field side, cameras, positioning base stations, smart helmets, identification
tags and other sensors can be used to collect infrastructure in real time, and upload
the collected information to the server, providing good data support for infrastructure
management. The data collection results are shown in Table 1.

Table 1. Data collection results

Wireless transmission Document/KB Picture/KB

Port # 1 75 21

Port # 2 80 22

Port # 3 68 20

Port # 4 63 17

Port # 5 59 18

Port # 6 67 21

Port # 7 66 19

Port # 8 62 18

Take the data inTable 1 as the standard data for experimental verification and analysis.

4.3 Standardized Processing of Experimental Data

According to the data characteristic attribute rules, the data is standardized. The change
of trust interval in this process is shown in Fig. 5.
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It can be seen from Fig. 5 that only the processed value under No. 4 is consistent
with the untreated value, and it is taken as the best data integration point to verify the
data mining effect on the premise of ensuring the integration stability.

4.4 Determination of Experimental Indicators

Set the experimental indicators as mining integrity rate and mining error, and the mining
integrity rate calculation formula is as follows:

P= ∂

∂ ′ × 100% (14)

In formula (14), ∂ represents the amount of data mined; ∂ ′ represents the total data
volume. The larger the calculation result is, the more complete the data mining result is.

The mining error calculation formula is as follows:

e=
∣∣δ1−δc

∣∣ + ∣∣δ2 − δc
∣∣ + · · · ∣∣δτ − δc

∣∣
τ

(15)

In formula (15), τ represents the number of times of excavation; δc indicates infor-
mation whose data has not been searched. The larger the calculation result is, the more
accurate the data association mining result is.

4.5 Analysis of Data Integration Results

Through the established experimental platform, data are collected in the open data set,
standardized processing is carried out, experimental indicators are set, and data inte-
gration analysis is carried out. For the verification of the integration effect, the GSO
optimized MF method, Apriori based association rule algorithm and cloud comput-
ing based weak association mining algorithm are respectively used for integration. The
comparison results are shown in Fig. 6.

It can be seen from Fig. 6 that the data integration based on Apriori association rule
algorithm is too decentralized, and the data integration process based on GSO optimized
MF method does not reach the full integration state. However, the weak association
mining algorithm under cloud computing can integrate all data together, so it can be
seen that the weak association mining algorithm has a good integration effect.

4.6 Analysis of Data Mining Results

The complete mining results of actual data are shown in Table 2.
Based on the data in Table 2, use the GSO optimized MF method, the Apriori

association rule algorithm and the cloud computing weak association mining algorithm
to mine, as shown in Fig. 7.
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(b) Algorithm of association rules based on Apriori
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(c) Weak association mining algorithm in cloud computing

Fig. 6. Comparison and analysis of integration effects of different methods

It can be seen from Fig. 7 that the instance dataset collected using the GSO based
optimization MFmethod is inconsistent with the actual situation, and its dataset is {1, 2,
3, 4, 5, 6, 7, 9}; The instance dataset obtained based onApriori association rule algorithm
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Table 2. Data complete mining analysis

Item Data

1 {1, 4, 5}

2 {3, 4, 5, 6}

3 {1, 6}

4 {1, 5}

5 {2, 4, 6, 7}

6 {3, 5, 7}

7 {2, 5, 6}

8 {1, 3, 4}

is inconsistent with the actual situation, and its dataset is {1, 2, 3, 4, 5, 6, 8}; The instance
dataset obtained by using the weak association mining algorithm under cloud computing
is consistent with the actual situation, and its dataset is {1, 2, 3, 4, 5, 6, 7}. It can be seen
that the data can be completely mined using this method.

For data mining error analysis, the three methods are compared again, and the
comparison results are shown in Fig. 8.

It can be seen from Fig. 8 that the mining error of GSO-based optimization MF
method and Apriori-based association rule algorithm is about 0.32 and 0.35 respectively,
while the mining error of weak association mining algorithm under cloud computing is
less than 0.10. It can be seen that the mining error using the method studied is small.
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Fig. 7. Comparison and analysis of complete data mining results of different methods
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5 Conclusion

A weak association mining algorithm for long-distance wireless mixed transmission
data under cloud computing is proposed. Pre-process the long-distance wireless mixed
transmission data, and realize the weak association mining of transmission data through
the principle of data relationship matching and the construction of mining model. The
data weak association mining under cloud computing studied in this paper can improve
the transmission quality of long-distance wireless mixed data, eliminate redundant data
in long-distance wireless mixed data, and use the implication degree to mine the weak
association of data, which solves the problems existing in current data weak association
mining methods and provides a favorable guarantee for the development of data mining
technology. By constructing the rough membership function, the truth value is discrim-
inated. By solving conflict problems, efficient data integration can be achieved, which
improves the data integration effect to a certain extent. The experimental results show
that using the weak association mining algorithm under cloud computing can integrate
all data together, and the obtained instance data set is consistent with the actual situation.
The mining error is less than 0.10, which can effectively realize the weak association
mining of long-distance wireless mixed transmission data.

While obtaining the above research results, due to the limitation of lost data, there
are still some areas to be optimized: (1) The coverage of the mining model should
be further expanded, and the main transmission data should be analyzed during the
verification process; (2) Establish a unified model transmission mechanism to achieve
efficient control of the model.
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